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Abstract
This dissertation is comprised of three essays on various potential determinants of substance
use and mental health outcomes of mothers and adolescents. These determinants are important,
provided the existing evidence that youth smoking and drinking patterns contribute to using these
substances in adulthood. Furthermore, mental disorders during childhood have been shown to
persist throughout adulthood and interfere with other later health outcomes. Understanding these
contributing factors is crucial as it can inform policies affecting these outcomes and provide additional
opportunities for lessening substance use and depressive symptoms, both prevalent public health
concerns.
In the first chapter, I explore the impact of the number of children on maternal depression
and drug use. There is an extensive theoretical literature identifying the negative effects of the num-
ber of children on the outcomes for mothers. While several studies have examined the effects on labor
market and physical health outcomes, little research to date has considered effects on mental health
and substance use. In order to perform this analysis, I use data from the National Longitudinal Sur-
veys of Youth and a variety of empirical strategies. To address the endogeneity of fertility decisions,
I use two natural experiments that exogenously increase the number of children—parity-specific twin
births and the gender composition of the first two children. My results provide suggestive evidence
that an increase in family size at the third birth parity leads to an increase in a mother’s probability
of depression. The main findings indicate that a third birth induced by a twin birth or the same-sex
composition of the first two children increases a mother’s probability of alcohol consumption by
about 5.0 percentage points. These estimated effects on alcohol consumption are greater for married
mothers. By contrast, I do not find strong evidence of increased marijuana use after the birth of an
additional child.
Chapter two shifts in focus from exploring the mother’s outcomes to evaluating children’s
ii
mental health outcomes. A large body of theoretical and empirical research explores the causal
effect of the number of siblings on various dimensions of children’s outcomes. I estimate the impact
of increases in sibship size on children’s mental disorders using matched mother-child data from the
National Longitudinal Surveys of Youth. Using an instrumental variables technique, my findings
provide no substantial evidence in support of the traditional quantity-quality fertility trade-off. By
exploiting the panel data and using fixed effects to account for omitted factors, my findings show
that an additional younger sibling is detrimental for a child’s anxious/depressed index and likelihood
of visiting a psychiatrist for a mental disorder. The estimated effects are greater for female and non-
black children. This relationship is larger in magnitude in the long-term, as compared to a shorter
time horizon.
The third chapter of this dissertation examines an additional potential determinant of sub-
stance use—in particular, the establishment of compulsory schooling laws. Over the last three
decades, half of all states have altered their compulsory schooling laws by raising the minimum
dropout age. While advocates support these policy changes for their proposed educational benefits,
an additional positive side effect could be the deterrence of youth substance use. Using national
survey data from the Youth Risk Behavior Surveillance System survey, I examine the impact of
a higher minimum dropout age on high school students’ substance use behaviors using a general-
ized difference-in-difference empirical strategy. To acknowledge that exposure to a higher minimum
dropout age is potentially endogenous, this paper employs a propensity score analysis. The results
from this analysis provide some evidence that my baseline estimates are biased. However, there does
remain some evidence that exposure to a higher minimum dropout age significantly decreases the
number of days high school students drink. Overall, my findings yield evidence that a more strict
minimum dropout age leads to a decrease in marijuana use, smoking, and drinking for high school
students.
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Chapter 1
The Other Costs of Children:
Motherhood, Substance Use, and
Depression
1.1 Introduction
Between 1960 and 2017, the total fertility rate in the United States dramatically declined
from 3.7 to 1.8 births per woman (World Bank, 2017). As illustrated in Figure 1.1, the total fertility
rate fell to its lowest point since the 1970s and was below the “replacement rate” for fertility in 2017.
In an effort to slow this trend, several developed countries have implemented a variety of policies
affecting fertility choices, including in-kind transfers (e.g., child care subsidies) or cash transfers
(e.g., family tax credits).1
Inspired by the traditional quantity-quality model of fertility initially proposed by G. Becker
and Lewis (1973), the supporters of these policies contend that larger families necessarily have fewer
resources to invest in the quality of each child. Several existing empirical studies have tested this
traditional quantity-quality trade-off by estimating the impact of family size on various children’s
1 The total fertility rate represents the average number of children a woman could expect to have over her child-
bearing years at current age-specific fertility rates. The “replacement rate” for fertility ensures a broadly stable
population at about 2.1 children per woman in the United States.
1
outcomes.2 However, few studies have specifically examined the effects of the number of children
on mother’s quality—termed the intergenerational quantity-quality trade-off of fertility. This paper
seeks to fill that void by empirically evaluating the causal effect of family size on a mother’s mental
health and substance use.
Understanding this relationship is crucial as it can inform policies affecting fertility decisions
and provide additional opportunities for lessening maternal depression and substance use, both
prevalent public health concerns. Simple descriptive statistics show that about 16.7% of mothers
with one child are categorized as experiencing moderate to severe depression, compared to 18.5%
of mothers with four or more children. For substance use behaviors, mothers with one child drank
alcohol on about 3.8 days in the past month, compared to only 2.3 days for mothers with four or
more children. Furthermore, about 11.6% of mothers with one child binge drank in the past month,
while only 9.1% of mothers with at least four children did this. Although these statistics suggest that
mothers with more children are more likely to be depressed and consume less alcohol, this relationship
is not causal. Establishing this direct effect is challenging because fertility is endogenous—mothers
with fewer children may have unobserved characteristics that affect their mental health and substance
use differently from those with more children. To account for this selection issue, I instrument the
number of children with two instruments widely used in the economics literature—parity-specific
twin births and the same-sex composition of the first two children.
For my analysis, I link a mother’s information to her children’s data from two cohorts of
the National Longitudinal Surveys of Youth. This study employs a variety of empirical strategies
to illustrate the direction of the bias and a picture of the causal effect of fertility on mother’s
depression and substance use. By first employing a mother fixed effects estimation strategy, I am
able to identify how mother’s substance use varies with the arrival of children while accounting for
mother-specific, time-invariant unobservables. To account for the well-documented selection into
fertility, I next employ an instrumental variables model using data from a single round of the survey.
I also exploit the exact timing of family size expansions with a fixed effects instrumental variables
model to highlight the dynamics of the intergenerational quantity-quality trade-off among mothers.
These three empirical specifications provide evidence of selection into fertility and show
that a larger family size leads to an increase in a mother’s likelihood of depression and alcohol
2 See, e.g., Angrist, Lavy, et al. (2010); Baranowska-Rataj, de Luna, et al. (2016); Black et al. (2005); Black et al.
(2010); Conley and Glauber (2006); Dasgupta and Solomon (2018); de Haan (2010); Fletcher and Kim (2019); Juhn
et al. (2015).
2
consumption. For mothers having a third child induced by a twin birth or the same-sex composition
of the first two children, an additional child increases the likelihood of depression by 14.8 percentage
points. This effect is considerable in magnitude since 16.1% of mothers in the baseline sample are
defined as moderately to severely depressed. Furthermore, a child at the third birth parity leads to
an increase in the probability of alcohol consumption in the past month by about 5.0 percentage
points. The estimated effects on alcohol consumption are significantly larger in magnitude for
married mothers. By contrast, I do not find strong evidence of increased marijuana use after the
birth of an additional child.
The rest of the paper is organized as follows. In Section 1.2, I highlight the existing literature
on this topic. I present a simple theoretical framework of the effect of family size on a mother’s
mental health and substance use in Section 1.3. I describe the data in Section 1.4 and explain the
empirical strategies in Section 1.5. The empirical findings are next presented in Section 1.6. In
Section 1.7, I show the results from various extensions. Section 1.8 concludes and summarizes the
main results of the paper.
1.2 Previous Research
1.2.1 Prior Descriptive Evidence on Fertility, Mental Health, and Sub-
stance Use
This study draws on two strands of the existing literature on fertility effects. The first
section consists of limited and inconsistent descriptive evidence on the relationship between fertility
and various measures of a mother’s mental health and substance use. Public health researchers,
psychologists, and sociologists have tested the correlation between the number of children and mental
health. In general, these studies report no differences in a mother’s mental health by the number
of children (Buber and Engelhardt, 2008; Hank, 2010; Spence, 2008). For substance use behaviors,
Jarvis (1996) shows that family size is negatively associated with a mother’s likelihood of cigarette
smoking, while Johansson and Halling (2003) find the opposite result. Laborde and Mair (2012)
and Kuntsche et al. (2012) find a positive correlation between the number of children and alcohol
use, but the latter only shows this relationship for employed mothers. On the other hand, Swendsen
et al. (2009) and Jagodzinski and Fleming (2007) report no significant association between family
3
size and alcohol or other drug dependence. These correlational studies cannot identify the direct
causal effect of fertility on maternal drug use and mental health.
1.2.2 Prior Causal Evidence on Fertility Effects
The second related topic in the literature studies the causal effect of childbearing with widely
used instrumental variable techniques to account for the endogeneity of fertility. Most prior research
in this strand suggests that fertility is detrimental to various outcomes for mothers, especially labor
market outcomes like employment and wages.3 While fertility has generally been shown to weaken a
mother’s attachment to the labor market, the effects on her overall well-being and health are much
less consistent across studies. Ca´ceres-Delpiano (2012b) provides evidence that a fertility shock
makes it less likely that a mother lives in a stable family arrangement, while Bellido et al. (2016)
report that children conceived during the first marriage significantly reduce the mother’s risk of
marital dissolution. In terms of health impacts, Ca´ceres-Delpiano and Simonsen (2012) show that a
shock in fertility increases the likelihood of mothers suffering from high blood pressure and obesity.
To my knowledge, one existing study explores the causal impact of the number of children
on a mother’s mental health. This study by Kruk and Reinhold (2014) draws on two natural
experiments and a dataset consisting of individuals from several European countries. They find that
a third child can be detrimental to an elderly European mother’s mental health—but it takes a rare
and somewhat particular situation to uncover the negative effect.
Two existing studies in different geographical contexts yield conflicting results of the causal
impact of family size on cigarette smoking. Arouri et al. (2017) report that an increase in family size
leads to a higher household probability of smoking cigarettes in Vietnam, while Ca´ceres-Delpiano
and Simonsen (2012) find inconsistent impacts of family size on mother’s smoking behaviors across
different U.S. samples.
This paper differs from these studies and contributes to the literature in three main respects.
First, I expand the set of outcome variables to include a mother’s probability and intensity of
alcohol drinking, binge drinking, and marijuana use. Second, the instrumental variable approach
not only relies on parity-specific twin births as an instrument for fertility, but compares the results
to those using the sibling gender composition as an instrument. Additionally, I explore various other
3 See, e.g., Aaronson et al. (2017); Angrist and Evans (1998); Budig and England (2001); Ca´ceres-Delpiano (2012a);
Lundberg and Rose (2000).
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specifications and extensions as robustness checks of my main findings.
1.3 Theoretical Framework
There is an extensive theoretical literature concerning the traditional quantity-quality (QQ)
trade-off between the number of children and children’s quality. Under the assumption that child
outcomes depend on limited parental resources, an increase in the quantity of children negatively
affects each child’s outcomes. This study will extend the traditional trade-off to examine the impact
on mother’s outcomes. However, this intergenerational trade-off between the number of children
and a mother’s quality may have different implications than the traditional trade-off for children.
According to Angrist, Lavy, et al. (2010), parents who experience an expansion in family size may
adjust “on margins other than childrens’ quality inputs,” with a mothers’ quality investments as
one of those potential margins. It is possible that mothers treat their own quality differently from
that of their children, so it is not immediately apparent how the number of children would affect
mother’s quality outcomes.4
There are numerous factors that could explain the relationship between family size and a
mother’s mental health and substance use. As parents must spend on children, mothers with more
children necessarily face higher costs. In addition, the increasing cost of raising a child may be a
mechanism at work behind this channel. According to the data in Figure 1.2, the cost of raising a
child from birth to age 18 increased from about $192,497 to $242,427 between 1960 and 2010. This
change accounts for a 22% increase in child-rearing expenses over this time period. Given the rising
cost of children, mothers with more children may face even higher costs.
If we consider these substances to be normal consumption goods, an increase in the number
of children may force mothers to cut down on these goods. Through this channel, more children
can decrease a mother’s substance use. The quantity of children could also affect a mother’s sub-
stance use through the household budget constraint in a different manner. Under the assumption
4 Wu and Li (2012) propose a simple model of the intergenerational QQ trade-off. The household’s utility function U
is U = U(n, qp, qc, y), where n represents the number of children, qp represents parent’s quality, qc represents children’s
quality, and y represents the consumption of all other commodities. The household’s objective is to maximize its utility
subject to a budget constraint given by I = n qc pc + qp pp + y py , where I denotes household income, pc denotes
the cost per child, pp denotes the cost per parent, and py denotes the unit price of consumption. The equilibrium
conditions of this maximization problem are ∂U
∂n
= λ qc pc,
∂U
∂qp
= λ pp,
∂U
∂qc
= λn pc, and
∂U
∂y
= λ py , where λ
represents the Lagrange multiplier of the optimization problem, also known as the marginal utility of income. The
marginal rate of substitution between n and qp would be determined by the ratio of their marginal utilities and market
prices.
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of limited resources, mothers with more children necessarily have fewer resources to invest in their
own self-care and mental health. Thus, mothers with more children may shift from investing in
their own mental health care to consuming substances, which act as inferior goods. In this case, an
increase in the number of children would be detrimental for maternal depression and also lead to an
increase in substance use. This study will use empirical analyses to examine the significance of this
intergenerational trade-off.
1.4 Data
The data used in this study are drawn from two sources: the National Longitudinal Survey
of Youth 1979 (NLSY79) and NLSY79 Child and Young Adult Surveys (CYA). These two surveys
provide a unique opportunity to evaluate the intergenerational QQ trade-off, as they contain detailed
information on fertility histories, as well as mental health and various substance use behaviors. The
original cohort of the NLSY79 is a nationally representative sample of respondents ages 14 to 21 at
the first interview. The first round of the NLSY79 was fielded in 1979, after which the respondents
were interviewed annually until 1994. The respondents in the original cohort were surveyed biennially
after 1994, thus producing 26 rounds of available data to date. Children in the NLSY79 CYA have
been surveyed biennially since 1986.
The final sample consists of matched mothers’ information from the original NLSY79 cohort
to their children’s data in the NLSY79 CYA. By linking mothers with their children, I am able to
identify twins and birth order, as well as the exact timing of when a mother has another child. I
apply a few conditions to the linked mother-child data to form two relevant samples for the purpose
of my IV methodology, shown in Figure 1.3 and described more in depth in Section 1.5.2. These
restrictions result in a sample containing 3,119 mothers with at least one child and 2,519 mothers
with at least two children for the substance use outcomes.
Tables 1.1 and 1.2 present summary statistics of the mothers in these two final samples and
at specific family sizes. In the final sample in Table 1.2, 50.6% and 7.9% of mothers drank alcohol
and binge drank in the past month, respectively. Mothers consumed alcohol on an average of 3.1
days in the past month. Of mothers in the sample, about 14% are black and 7% are Hispanic. On
average, mothers are about 23 years old at their first birth and 41 years old at the time of the survey
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(with a minimum age of 37 and a maximum age of 45 years).5
1.5 Empirical Strategies
This study uses a variety of approaches to identify the relationship between family size and
a mother’s mental health and substance use. First, I estimate a simple ordinary least squares (OLS)
regression given by
(1.1)HealthOutcomei = β0 + β1FamilySizei + β2Xi + i,
where HealthOutcomei denotes mother i’s mental health and substance use, FamilySizei is the
number of children born to mother i, and Xi is a vector of mother i’s characteristics (race dummies,
age, age squared, age at first birth, and AFQT).6 The coefficient of interest β1 gives the relationship
between the number of children and a mother’s mental health and substance use.
For the mental health outcomes, this study uses the Center for Epidemiological Studies
Depression (CES-D) scale score and an indicator for whether the mother is clinically defined to be
depressed. The CES-D scale was initially developed by Radloff (1977) and has become a widely
used screening test for depressive symptoms. The CES-D scale consists of a list of symptoms, to
each of which respondents report how often they experience that emotion (Fruehwirth et al., 2019).7
Responses to each item are scored on a frequency scale from 0 to 3—never or rarely to most or all
of the time. Responses are then summed to form a point score ranging from 0 to 21, with a higher
score indicating more depressive symptoms. A score of 8 or above on this scale is considered to be
indicative of depression (Levine, 2013).
Several prior studies have documented that the CES-D scale score is highly skewed to
the right (Aneshensel et al., 1981; Cole et al., 2000; Springer et al., 2007). Figure 1.4 shows
that this finding also holds true in my sample. I follow the existing literature and take the log
transformation of the score to reduce the skewness and correct for violations of the normal residual
distribution assumption. This study also reports results for both the likelihood and intensity of
alcohol consumption, binge drinking, and marijuana use in the past month as the substance use
5 Appendix A provides more information about twins in the NLSY data.
6 The Armed Forces Qualification Test (AFQT) is a cognitive test commonly used as a measurement of IQ in the
NLSY.
7 The original CES-D scale consists of 20 items, while the short-form version used in the NLSY sample has 7 items.
Table 1.3 lists the questions included in the short-form CES-D scale.
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outcome variables.8
This simple OLS analysis suffers from the presence of confounding unobservables and the
well-documented endogeneity of family size. In the existing literature, the main challenge with
establishing a causal effect of family size on mother’s outcomes is the selection into fertility. For
instance, it is plausible that there are unobserved differences between mothers that choose to have a
different number of children that also affect mother’s health outcomes. Therefore, estimating (1.1)
with OLS for the health outcomes will produce biased estimates of β1.
9
1.5.1 Mother Fixed Effects Approach
This simple OLS specification may be confounded by the presence of time-invariant charac-
teristics of mothers that are unobservable in my dataset. For example, mothers with certain religious
affiliations may be inclined to have larger families, but abstain from drug use. This may lead us
to incorrectly conclude that the number of children decreases maternal substance use. In order to
account for this and similar concerns, I next estimate a specification with fixed effects at the mother
level using the longitudinal aspects of the NLSY data.10 It is important to note that I exclude all
observations collected during the nine months prior to a child birth from my final analysis sample.11
1.5.2 Instrumental Variable Approach
To properly identify the causal effect of family size on a mother’s mental health and sub-
stance use, I employ an instrumental variables (IV) model given by
(1.2)HealthOutcomei = γ0 + γ1 ̂FamilySizei + γ2Xi + ηi
(1.3)FamilySizei = α0 + α1Zi + α2Xi + µi,
where Zi is the parity-specific twin birth (twins at the first or second birth) or same-sex composition
(at the first and second births) instruments for mother i. The other covariates in the model are
8 Note that alcohol consumption intensity is measured in “days” during the last month, while binge drinking and
marijuana use intensity are measured in “occasions” due to the NLSY survey design. Binge drinking and marijuana
use occasions during the last 30 days are categorical variables. For example, respondents are asked “During the past
30 days, on how many occasions have you used marijuana?” and to choose from “None, 1 to 2 times, 3 to 5 times, 6
to 9 times, 10 to 19 times, 20 to 39 times, and 40 or more times.” In the NLSY79, binge drinking is defined as having
6 or more drinks on one occasion.
9 I also estimate a reduced form equation in Appendix B.
10 Unfortunately, respondents are not consistently asked to answer the CES-D in the NLSY79 sample. Due to this
data limitation, I am unable to perform a FE IV analysis for the mental health outcomes.
11 Women are advised to abstain from alcohol during pregnancy due to the risk of birth defects (U.S. Department
of the Treasury and U.S. Department of Health and Human Services, 1980). Excluding these observations alleviates
concerns of any pre-trends in substance use among mothers.
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defined similarly to those in (1.1). The twin at the first birth instrument is a binary indicator equal
to one if the mother’s first birth was a twin birth and zero otherwise. The twin at the second
birth instrument is similarly constructed if the mother had twins at the second birth. The same-sex
composition instrument is a dummy equal to one if a mother’s first two children are of the same
gender and zero otherwise. For all IV regressions, I estimate a two-stage least squares (2SLS) model.
Rosenzweig and Wolpin (1980) first suggested using the twin birth instrument as an exoge-
nous source of variation in family size under the assumption that twin births are random.12 The
same-sex composition instrument was initially proposed by Angrist and Evans (1998) as a represen-
tation of parental preference for gender variety. This instrument is supported by the widely cited
tendency of parents to prefer a mixed sex composition of children.13 As a child’s sex is random, this
instrument generates exogenous variation in family size for a random selection of mothers with at
least two children.
I also employ the second parity twin birth and same-sex instruments in a combined analysis
using the regression sample of mothers with at least two births. This is called the Sargan-Hansen
overidentification test and allows me to examine the external validity of the instruments in my
analysis (Sargan, 1958). The joint null hypothesis in this test evaluates the possibility that the
instruments are unrelated to the error term in the empirical specification (Dasgupta and Solomon,
2018).14
For the mental health outcomes, the IV empirical strategy only uses information from the
40+ Health Module in the NLSY. This extended health module was administered to all respondents
at the first completed interview after turning age 40.15 To preserve the largest sample possible of
mothers with completed fertility, this study will only use the 7-item CES-D scale reported when
each mother is at least 40 years old.
This IV empirical approach for the substance use outcomes only uses information from the
round 20 cross-section of the NLSY79 collected in 2002. The sample is from this specific round
because this is the first round in which all respondents are age 35 or above, the age commonly
12 I will discuss this assumption further in Section 1.5.4.2.
13 Ben-Porath and Welch (1976) provide evidence from the 1970 Census that about 56% of families with either
two boys or two girls went on to have a third child, while only 51% of families with one boy and one girl went on to
have a third birth. Additionally, more recent Census data show that mothers of two same-sex children have a higher
probability of having a third birth than mothers with two children of the opposite sex (Bu¨tikofer, 2010).
14 A statistically insignificant χ2 value (commonly referred to as the Sargan-Hansen J statistic) provides evidence
in support of the exclusion restriction IV assumption.
15 Although different versions of the CES-D scale are asked in the 1992 and 1994 surveys, the majority of respondents
are not above the age of completed fertility at these surveys. I use the 7-item scale because all years of the 40+ Health
Module contain this consistent scale.
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known to represent completed fertility.16 In addition, the respondents in this round were prompted
to answer questions for all of the substance use outcomes of interest.17
For this IV analysis, I follow the literature and restrict the sample to ensure that each
mother could potentially be affected by each of the instruments. For the twins at the first and
second birth instruments, I only consider mothers with at least one and two reported child births,
respectively. This guarantees that fertility preferences in families with twins or a singleton at the
first or second birth are identical (Black et al., 2005). In a similar manner, I restrict the sample to
include mothers with two or more reported births when using the same-sex instrument.
Estimating (1.2) and (1.3) using these two instruments yields the local average treatment
effect (LATE) (Imbens and Angrist, 1994). We can interpret the coefficient γ1 as the causal effect
of family size on the health outcome for mothers on the margin of experiencing a parity-specific
twin birth or having the first two children of the same sex. Thus, the results using the full sample,
presented in Section 1.6.2, are the average treatment effects (ATE) for the compliers—the subpopu-
lation whose treatment status would be different given a change in the instrument. Compared to the
group of always-takers and never-takers, the compliers are the subgroup for whom the instrument
determines their treatment status.18
It is important to note that the LATE of family size may vary by the nature of the interven-
tions generated by the three instruments (Black et al., 2010; Dasgupta and Solomon, 2018). Thus,
these instruments provide insights about different groups of compliers and at various margins. For
instance, using the twin birth at the first parity instrument identifies the LATE of an additional
child for the compliers that would have stopped at one child in the absence of a twin birth, but
ended up having two children due to the instrument. In addition, it is likely that the effects of a
third child resulting from a twin birth are not the same as the effects of a third child resulting from
two children of the same gender. While the twin birth instrument forces mothers into a potentially
unplanned fertility level, the same-sex composition instrument involves a planned choice to have
another child. Thus, a possibly unexpected increase in fertility may affect mothers differently than
an expected increase in family size (Kruk and Reinhold, 2014).
16 The term completed fertility refers to the number of children that a woman has given birth to by the end of her
childbearing years. According to Monte and Ellis (2014), the number of children born to a woman before age 35 is
estimated to represent, on average, about 93% of completed fertility.
17 As respondents of the NLSY79 are consistently asked to answer the substance use questions, I also perform a
pooled IV analysis for these outcomes. Appendix C provides more information about this empirical approach.
18 A special feature of the parity-specific twin birth instrument is the nonexistence of never-takers. For instance,
all mothers who have twins at the second birth end up with (at least) three children (Angrist and Pischke, 2008).
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1.5.3 IV Approach with Mother Fixed Effects
The third empirical approach combines the two empirical strategies highlighted above by
estimating an IV model with mother fixed effects (FE IV). This specification is identified by time-
variant sources of plausibly exogenous variations in fertility to estimate the causal impact of family
size on a mother’s substance use behaviors.19 As this model simultaneously addresses concerns of
unobserved heterogeneity and selection into fertility, it is the preferred specification of this analysis.
Similar to the analysis in Section 1.5.1, I exclude all observations collected during the nine months
prior to a child birth from my final sample.
1.5.4 IV Validity
1.5.4.1 First Stage
There are three well-known assumptions that I must make in order to support the validity
of my IV approach. To properly identify the causal effects of family size, the parity-specific twin
births and same-sex composition instruments must strongly predict the number of children. As
shown in Tables 1.14 through 1.21, the coefficients on the two twin birth instruments are positive
and significant at the 1% level. In Column (2) of Table 1.14, the first stage effect can be interpreted
as having a twin birth at the second birth increases family size by about 0.75 children.20 As shown
in Column (3), the first-stage estimate using the same-sex composition instrument is about 0.16.
This point estimate is marginally higher than those obtained in recent studies, which vary between
0.7 and 0.13.21 The empirical validity of all three instruments is partially supported by the large
F-statistics in the first stage regressions.22
1.5.4.2 Balance Tests
For the instruments to be valid, the parity-specific twin births and same-sex composition
instruments can only affect a mother’s mental health and substance use through the number of
19 Unfortunately, respondents are not consistently asked to answer the CES-D in the NLSY79 sample. Due to this
data limitation, I am unable to perform a FE IV analysis for the mental health outcomes.
20 According to O¨berg (2018), the first-stage coefficient is typically between 0.7 and 0.8 in present-day populations.
21 However, it is important to note that the 95% confidence interval around the coefficient ([0.07, 0.23]) includes
the range of point estimates found in the following studies. See, e.g., Angrist, Lavy, et al. (2010); Black et al. (2005);
Dasgupta and Solomon (2018); de Haan (2010).
22 The reported F-statistics are greater than the suggested cutoff of 10 in Staiger and Stock (1997), which implies
a low probability of small sample bias in my estimates.
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children, an untestable condition. If parity-specific twin births and children’s gender composition
are random, they should be independent of the parent’s observable and unobservable characteristics.
I estimate a set of balance tests to determine if the two instruments are significantly correlated with
any of the parent’s observable characteristics. This analysis involves multiple regressions of various
demographic characteristics on whether the mother had twins at the first or second birth and the
same-sex composition of the first two children. While I am unable to test the null hypothesis that the
exclusion restriction is violated, these regressions begin to address the concern that the instruments
are related to unobservables.
Panel A in Table 1.4 shows that, in general, family size is significantly related to all ob-
servable parental characteristics.23 These results show why na¨ıve regressions of mother’s outcomes
on family size will generate estimates that are biased by parent’s characteristics. Panels B and
C provide evidence supporting my assumption of the exogeneity of twin birth status and the gen-
der composition of the first two children, as the instruments are uncorrelated with the majority of
observable parental characteristics.24
Another possible problem with the parity-specific twin birth instrument is omitted variable
bias caused by the fact that fertility treatments are typically unobserved (Angrist, Lavy, et al., 2010;
Braakman and Wildman, 2016). The medical literature has established that fertility treatments
increase the risk of a twin birth (Sunderam et al., 2009).25 Furthermore, the decision to undergo
fertility treatments is a choice that is plausibly related to several characteristics that also influence
a mother’s substance use and mental health (Braakman and Wildman, 2016). This means that
mothers who choose to undergo fertility treatments are likely different from those who do not. Given
that we are unable to observe fertility treatments in the NLSY, this situation would undermine the
randomness of the parity-specific twin birth instruments.
Prior research indicates that these fertility treatments only became widely available in the
United States from the 1990s onwards (Kruk and Reinhold, 2014). Following this existing literature,
I eliminate the few twin births in my sample that occurred after 1990. After I exclude the mothers
23 The only exception to this relationship is the insignificant coefficient on a mother’s marital status.
24 Due to the significant correlation between twins and a mother’s age at first birth and probability of being Hispanic,
I control for these observable characteristics in all of my regressions. Although significantly related to the probability
of having twins, I do not control for socioeconomic factors, such as a mother’s educational attainment. This is because
these variables may be a consequence of early childbearing, instead of a confounding factor.
25 Figure 1.5 shows the increasing trend in twin births between 1980 and 2009. It has been suggested that approx-
imately two-thirds of the rise in the twin birth rate during this period can be attributed to the increasing prevalence
of fertility treatments (Martin et al., 2012). The twin birth rate represents the number of twin births per 1,000 total
births. The remaining one-third of the rise in twinning is explained by the older maternal age distribution (Martin
et al., 2012).
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with these twin births, the results shown in Tables 1.5 to 1.10 are similar in the direction of the
main effects. Thus, I do not consider the prevalence of fertility treatments a threat for the validity
of my estimates.
Prior research has identified a potential issue with the use of the same-sex composition
instrument as exogenous variation in family size. Rosenzweig and Wolpin (2000) show that there
may be economies of scale (in shared clothing, bedrooms, or toys) associated with having two children
of the same sex.26 These gender-specific economies of scale could free up resources for mothers to
make additional investments in their own health or self-care. Although it is not feasible to alleviate
this concern with the NLSY79 dataset used in this study, Bu¨tikofer (2010) finds no evidence of these
economies of scale in the context of developed countries.
1.5.4.3 Monotonicity
The third IV assumption is monotonicity, which implies that the instruments only work
in one direction for all mothers in the sample. In this case, it seems natural for a twin birth to
increase family size. Given the well-documented evidence in Ben-Porath and Welch (1976), it is also
reasonable to make this assumption for the same-sex composition instrument.
1.6 Results
The results in Table 1.11 show the OLS coefficients of the simple correlation between family
size and a mother’s mental health. Both estimates reveal that fertility is associated with improved
mental health. The coefficient on family size reported in Column (2) implies that an additional child
is related to a less than 1 percentage point decline in a mother’s probability of being categorized as
depressed.
Table 1.12 presents baseline OLS estimates of the relationship between family size and a
mother’s likelihood and intensity of substance use. The coefficient reported in Column (1) implies
that raising family size by an additional child is associated with a 2.8 percentage point reduction
in the probability that a mother drank alcohol in the past month. The corresponding estimate in
Column (2) shows that an additional child is related to a decline in a mother’s drinking intensity
by 0.273 days in the past month. Across all measures of mother’s substance use in the past month,
26 They provide evidence using Indian data that clothing expenses of the third born child are lower if the older
siblings are of the same sex.
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the OLS estimates are negative. However, given the concerns in Section 1.5, it is important to note
that these estimates are merely correlational.
1.6.1 Mother Fixed Effects Results
Table 1.13 presents the findings from the empirical specification with fixed effects at the
mother level. Panel A shows the results for the sample of all women, while Panels B and C report
the effects for the samples of mothers with at least one and two births, respectively. For both alcohol
consumption and binge drinking, the magnitude and significance of the effect increases as the sample
successively includes mothers with more children. As shown in Column (2), for mothers with at least
one birth, an additional child leads to a 0.087 decrease in the number of days a mother consumed
alcohol in the past month. The corresponding estimate is larger in size and statistical significance
for mothers with two or more births at a reduction of 0.115 days. Although the coefficient changes
direction for the full sample, the binge drinking estimates illustrate a similar picture in that the
fertility effects are stronger for the sample of mothers with more children. There is no clear impact
of family size on marijuana use across all three samples.
In accordance with the OLS estimates reported in Section 1.6, the majority of the fixed
effects coefficients remain negative. It is also worth highlighting that the coefficients shrink in size
across all samples and substance use measures after adding fixed effects. This is consistent with the
hypothesis that there are time-constant unobservable characteristics that make mothers with more
children less likely to engage in substance use.
1.6.2 IV Results
To address potential endogeneity concerns of family size, I next report findings using both
parity-specific twin births and the same-sex composition as instruments. The impact of the number
of children on the log CES-D score estimated from the 2SLS models is reported in Table 1.14. The
estimates in Column (4) use both the second parity twin birth and same-sex composition instruments
simultaneously in the model. In this analysis, both instruments generate random variation in family
size for the third birth onwards. The p-value of the Sargan-Hansen statistic estimated from the
combined IV analysis is reported in the bottom panel of the table.
With reference to the OLS results for the mental health outcomes, it is noteworthy that the
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IV estimates in Table 1.14 are of the opposite sign. These coefficients provide suggestive evidence
of selection into fertility—mothers who experience less depressive symptoms are likely to have more
children. The coefficient in Column (1) indicates that an increase in the number of children induced
by twins at the first birth leads to a 0.498 increase in a mother’s log CES-D score. Compared to the
mean log CES-D score in the sample (1.159), this corresponds to a 43.0% increase in the mother’s
log CES-D score. The corresponding Hausman test statistic provides evidence that the IV estimates
of fertility are significantly different from the OLS estimates of fertility for this outcome measure.27
When employing both the second parity twin birth and same-sex instruments together in a combined
analysis in Column (4), there is a strong detrimental effect of fertility on a mother’s log CES-D score.
The Sargan-Hansen statistic provides suggestive evidence in support of the exclusion restriction for
the instruments.28
Table 1.15 reports the results with the depression indicator as the outcome variable. Using
the second-parity twin birth instrument, a third child increases the probability of maternal depression
by 14.0 percentage points. This estimate, while significant at the 10% level, is not statistically
different from the OLS estimate according to a Hausman test. The combined analysis in Column
(4) improves precision and significance, while the Sargan-Hansen statistic again provides evidence
in support of the validity of the instruments. Given the set of results from Tables 1.14 and 1.15, I
find a consistent detrimental impact of family size on mother’s mental health.
Table 1.16 shows the fertility effects on the likelihood of alcohol consumption obtained from
the 2SLS regressions using both instruments. All of the tables for the substance use outcomes will
be structured in this way—showing two different samples, with IV and FE IV estimates for each
relevant sample. In this section, I will discuss the findings of the cross-sectional IV specification in
(1.2) and (1.3).29 Section 1.6.3 will explore the IV results after adding fixed effects.
In contrast to the OLS and fixed effects results, it is noteworthy that the IV estimates in
Columns (1), (3), (5), and (7) of Table 1.16 are positive in direction and at least five times larger
in magnitude. These coefficients provide further evidence of selection into motherhood—mothers
who drink less alcohol are likely to have more children. Column (3) indicates that an increase
in the number of children induced by twins at the second birth leads to a 26.5 percentage point
27 All Hausman test statistics report the test of the null hypothesis that the OLS and 2SLS coefficients are identical.
28 Under the null hypothesis of this test, family size can be treated as exogenous and the test statistic is distributed
as χ2 with one degree of freedom. Since the χ2 value is statistically insignificant, this suggests that the instruments
are valid and uncorrelated with the error term.
29 The results from a pooled IV analysis are shown in Tables C.1 to C.6 in Appendix C.
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increase in the probability that a mother drinks alcohol. With respect to the baseline probability
of using alcohol in the past month (0.506), this corresponds to a 52.4% increase in the odds that
a mother has consumed alcohol in the past month. The Hausman test statistic for this coefficient
provides evidence that the IV estimates of fertility are significantly different from the OLS estimates
of fertility for this outcome measure. When employing both the second parity twin birth and same-
sex instruments together in a combined analysis in Column (7), there is a substantial increase in
drinking. The Sargan-Hansen statistic is 0.354, which provides evidence in support of the exclusion
restriction for the instruments.
Table 1.17 shows that the IV coefficients on drinking intensity are negative and insignificant
across all instruments. The estimate in Column (3) indicates that a third child resulting from a
twin birth decreases drinking intensity in the past month by 0.208 days, from a mean of about 3.1
days per month. According to the Hausman test, this coefficient is not statistically different from
the corresponding OLS estimate. These results and the findings in Table 1.16 suggest that higher
fertility has a strong detrimental effect on drinking at the extensive margin, while the impact is
weak at the intensive margin.
The estimates in Table 1.18 report the fertility impacts on a mother’s likelihood of binge
drinking. Although both instruments generate insignificant effects, the majority of the estimates
are positive, which implies that having more children increases the likelihood that a mother binge
drinks. For instance, the regression coefficient in Column (3) shows that an increase in the number
of children caused by a twin birth at the second parity leads to an increase in a mother’s probability
of binge drinking by about 2.3 percentage points. This estimate corresponds to a 29.1% increase
in the likelihood of binge drinking from the baseline sample mean. According to the Hausman test
statistics, none of the IV results for the probability of binge drinking are significantly different from
the OLS findings.
Table 1.19 shows the effect of family size on the intensive margin of binge drinking. All
2SLS estimates on the intensity of binge drinking are positive and not statistically different from the
corresponding OLS coefficients. Given the IV findings for both measures, higher fertility increases
a mother’s binge drinking, although these results are not strong across both instruments.
The findings in Tables 1.20 and 1.21 are for the probability and intensity of marijuana use
outcome variables, respectively. Across these two marijuana use measures, I do not find consistent
evidence of fertility effects using 2SLS. Although the number of children appears to increase mari-
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juana use on both the extensive and intensive margins, the standard errors are especially large for
these health behaviors.30
1.6.3 IV Results with Mother Fixed Effects
In order to simultaneously alleviate concerns of unobserved heterogeneity at the mother
level and selection, I also take advantage of the panel aspect of the NLSY79 and report results
of FE IV regressions in Tables 1.16 to 1.21. The results in Table 1.16 explore the family size
effect on the probability of alcohol consumption. Similar to the cross-sectional IV estimates, there is
evidence that higher fertility leads to an increased probability of alcohol consumption. The preferred
estimate in Column (8) indicates that an additional child induced by twins at the second birth or
first having two children of the same sex increases a mother’s probability of alcohol consumption by
5.0 percentage points. This estimate corresponds to an 8.8% increase in the likelihood of alcohol
consumption from the baseline sample mean (0.567). The corresponding Sargan-Hansen statistic
provides strong support for the external validity of the instruments. On the intensive margin of
drinking, Table 1.17 shows that increased fertility leads to less days of alcohol consumption across
all FE IV specifications. In accordance with the cross-sectional IV results, having more children
significantly increases drinking at the extensive margin, while the impact is negative and weak at
the intensive margin.
Table 1.18 presents the results of the FE IV analysis using the probability of binge drinking
as the dependent variable. Using all instruments, the coefficients are positive, indicating that an
increase in fertility leads to a higher probability of mother’s binge drinking. The Sargan-Hansen
statistic in Column (8) suggests that the instruments are valid and uncorrelated with the error
term. The FE IV estimates shown in Table 1.19 provide evidence that fertility also increases binge
drinking at the intensive margin. The preferred estimate using both instruments shows that a third
child increases a mother’s binge drinking intensity by 0.053 times per month, accounting for a 17.5%
increase from the sample mean (0.302).
Tables 1.20 and 1.21 include the FE IV findings for the effect of family size on the likelihood
and intensity of marijuana use. After accounting for unobserved time-invariant characteristics at
the mother level and selection, the number of children remains unimportant in predicting mother’s
30 By the time of these survey responses in 2002, medical marijuana had only been legalized in 7 states. The first
states to legalize recreational marijuana would not do so until 2012. The legal history of medical and recreational
marijuana laws likely contributes to my findings for these outcomes.
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marijuana use behaviors.
There are two important points worth noting after discussing the results of this FE IV
estimation approach. As discussed in Section 1.5.2, the LATE of the number of children differs
according to the nature of each instrument. Even in my most conservative empirical strategy, both
the second twin and same sex instruments show increased depression and drinking in response to
a child at the third birth parity. These two instruments of different natures provide qualitatively
similar results. This provides a convincing argument that a child at the third birth parity increases
a mother’s likelihood of depression and alcohol consumption.
Second, this FE IV approach also provides information regarding the important margin
for fertility effects on a mother’s mental health and substance use. My results show that a third
child resulting from a twin birth or preferences for a mixed sex composition increases a mother’s
probability of alcohol consumption and binge drinking. However, a second child induced by twins at
the first birth does not appear to significantly increase the likelihood of alcohol consumption. As all
three instruments identify different LATEs, it is possible that the third birth parity is the relevant
margin for the strong effects of higher fertility on mother’s drinking habits. The estimates in Table
1.15 also provide suggestive evidence of the importance of fertility effects at the third birth parity
on a mother’s mental health.
1.7 Extensions
1.7.1 Heterogeneous Fertility Effects by Mother’s Characteristics
Given the detailed records in the NLSY sample, researchers can investigate heterogeneous
impacts of an additional birth across various characteristics of mothers. To isolate these different
effects, I stratify the preferred FE IV sample of mothers with two or more births by mother’s race,
educational attainment, marital status, household income, and employment status. The results of
this are shown in Tables 1.22 to 1.27. Panel A reports the FE IV coefficients separately by race, Panel
B by educational attainment, Panel C by marital status, Panel D by household income quartile, and
Panel E by employment status.
As shown in Table 1.22, a third child induced by a twin birth or the same-sex composition
leads to a large and significant increase in the probability of alcohol consumption for the non-black,
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non-Hispanic subsample of mothers. Across all instruments, the fertility effects on the extensive
margin of drinking are large and significant for married mothers, while the impact is weaker for
unmarried mothers. In general, the results stratified by income quartile and employment status
show that unemployed mothers and those in the lowest income quartile experience stronger fertility
effects on drinking. There is no clear pattern across instruments in the heterogeneous effects of the
number of children when the sample is stratified by educational attainment. At the intensive margin
of drinking, Table 1.23 does not reveal any substantial differential effects by mother’s characteristics.
Tables 1.24 and 1.25 present the stratification of the results using the likelihood and number
of times that a mother binge drank as the dependent variables, respectively. Using my preferred
specification in Column (3), both tables provide suggestive evidence of the detrimental impact of an
additional child at the third birth parity on a married mother’s binge drinking habits. Interestingly,
the estimate using the second twin instrument for unmarried mothers is large in magnitude and
highly significant at a value of 0.108. This finding can likely be attributed to the aforementioned fact
that the instruments identify fertility impacts for different populations. Experiencing a twin birth
may force mothers into a potentially unintended level of fertility, which affects mothers differently
than an anticipated birth resulting from a mixed sex preference (Kruk and Reinhold, 2014). It is
possible that unmarried mothers feel a heightened level of stress from this unanticipated fertility
increase, while married mothers are less responsive. There is no consistent pattern of the fertility
effects across the other maternal characteristics.
According to Tables 1.26 and 1.27, there does not appear to be any substantial heterogeneous
effects on a mother’s marijuana use. Although the results are not entirely consistent across the two
instruments, the estimates in this section provide suggestive evidence of the strong effect of family
size on alcohol consumption for married mothers. Across the substance use measures, these tables
show that there are significantly different effects by mother’s characteristics.
1.7.2 Heterogeneous Fertility Effects by Birth Parity
As mentioned in the existing literature on fertility effects, there may be concerns with using
twins in my dataset. First, the birth of twins is a rare event in the NLSY sample.31 The small
sample size of parity-specific twin births limits my ability to evaluate the causal effect of family
size with precision (Juhn et al., 2015). In addition, twins have an effect not only on the number
31 This is shown in the summary statistics in Table A.1 in Appendix A.
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of children, but also on the spacing between children. Thus, having twins may have a direct effect
on mother’s substance use through the stress of this close spacing of births. There also may be
heterogeneous impacts of an increase in fertility for mothers with more children versus those with
fewer children.
This empirical extension captures how a mother’s substance use varies with the arrival of
children by controlling for mother-specific time-invariant characteristics that may be correlated with
family size and also affect a mother’s substance use outcomes. The parity-specific mother fixed
effects model is
(1.4)SubstanceUseipt = φ0 + φ1Afteript + φ2Xit + λi + ξipt,
where SubstanceUseipt denotes mother i’s substance use behaviors with a child at birth parity p at
time t, Afteript is a binary indicator equal to one if mother i has had the birth at parity p at time t
and zero otherwise, Xit is a vector of mother i’s characteristics at time t (age and age squared), and
λi is a mother fixed effect. This analysis will examine the first, second, and third birth parities. The
sample for these specifications is all mothers who will have a birth at the first, second, and third
parities, respectively.32
Table 1.28 presents heterogeneous birth parity effects of family size on a mother’s substance
use from (1.4). Panel A shows the average change in a mother’s substance use after the first birth,
while Panels B and C report the effects after the second and third children are born, respectively.
While the first and second child births are related to a lower likelihood and intensity of alcohol
consumption, the magnitude and significance of this relationship decreases at the third birth parity.
The estimates in Column (1) show that a first and second child birth is associated with a 5.7 and 3.1
percentage point decline in the likelihood of drinking alcohol. Columns (3) and (4) reveal a similar
pattern for the extensive and intensive margins of binge drinking. For mothers with at least one
and two births, the first and second child births are associated with a substantial decline in binge
drinking. However, the coefficients become smaller in magnitude and significance as we transition to
the third birth parity. Across the second and third birth parities, there is no significant relationship
between a child birth and marijuana use in Columns (5) and (6).
32 As in Section 1.5.1, I exclude all observations taken within the nine months prior to a child birth from my sample.
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1.7.3 Short Run Versus Long Run Fertility Effects
It is possible that the birth of an additional child is a disruptive, but transitory, change to
the family environment (Juhn et al., 2015). Thus, we may anticipate that the significant effects of
an expansion in family size will weaken as time passes and mothers adjust to the shock. Table 1.29
provides evidence in support of this hypothesis at the first and second birth parities by estimating
the impacts of an additional child both in the short run (defined to be within the first 3 years after
a child birth) and the long run (defined to be after 3 years).33 In fact, the fertility effects appear
to become substantially weaker in the long run. At the first and second birth parities, it is evident
that the coefficients decrease in size and significance over the longer horizon as compared to the
shorter period. As we move from the first to the third birth parities, the effects on all substance use
measures appear to decrease in magnitude over both time periods.
1.8 Discussion and Conclusions
Although there is considerable support for the traditional QQ trade-off for children, much
less of the existing literature has explored the intergenerational trade-off between the number of
children and mother’s outcomes. This study provides convincing evidence using several empirical
methods of the existence of a causal link between fertility and higher maternal depression and alcohol
consumption. Although I am unable to pinpoint the exact mechanism through which this effect
operates, my theoretical framework suggests that mothers with more children face more competition
of resources within the family. A mother with more children necessarily has fewer resources left to
invest in her own health and self-care by focusing on her mental health and limiting her alcohol
consumption.
To address the well-documented endogeneity of fertility decisions, my analysis employs both
parity-specific twin births and parental preferences for a mixed gender composition as plausibly
exogenous sources of variation in family size. My results provide suggestive evidence that an increase
in fertility causes a higher probability of moderate to severe depression among mothers. For mothers
having a third child as a result of a twin birth or the same-sex composition of the first two children,
this third child leads to an increase in the likelihood of alcohol consumption in the past month. These
33 As in Sections 1.5.1 and 1.7.2, I exclude all observations taken within the nine months prior to a child birth from
my sample.
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effects are greater for married mothers. While my preferred specification illustrates that higher
fertility increases alcohol consumption, I do not find conclusive evidence of increased marijuana use
as a result of higher fertility.
The econometric approaches used in this paper have three main limitations. First, the
use of IV methods necessarily restricts the interpretation of the identified fertility impacts to the
narrow population of compliers—mothers who gave birth to an additional child induced by a twin
birth or because the first two children are of the same sex. Typically, IV approaches do not allow
generalizations beyond this specific group of individuals. Further, the small sample size of mothers
with parity-specific twin births restricts my ability to estimate the fertility effect with precision
(Juhn et al., 2015). Third, the self-reported nature of the depressive symptoms and substance use
information in the NLSY sample may lead to concerns of misreporting errors. Using the 1984 round
of the same survey, Mensch and Kandel (1998) provide evidence that the NLSY substance use data
are subject to underreporting. If this finding applies to other survey rounds and the CES-D scale,
it is likely that my results understate the true impact of fertility on a mother’s mental health and
alcohol consumption.
It is important to place these findings within the greater context of various policies affecting
fertility decisions. While a higher number of children increases the incidence of depression and
alcohol consumption among mothers, uncovering the mechanisms through which this effect operates
is crucial. Identifying these mechanisms will allow policymakers to fully understand the relationship
between fertility and mother’s quality outcomes and design effective policies.
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Figure 1.1: Trends in the United States Total Fertility Rate, 1960-2017
Notes: These data are obtained from World Bank (2017). The total fertility rate represents the average number of children a woman could
expect to have over her childbearing years at current age-specific fertility rates.
Figure 1.2: Trends in the United States Cost of Raising a Child, 1960-2013
Notes: These data are obtained from the United States Department of Agriculture (USDA) Center for Nutrition Policy and Promotion
(CNPP). Estimates are for total family expenses on the younger child from birth through age 18 in married-couple families with two children.
The individual components included in the costs are housing, food, transportation, clothing, health care, child care, education, and
miscellaneous expenses. All costs have been adjusted for inflation and are reported in terms of 2013 dollars.
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Figure 1.3: Sample Restrictions, 1+ Births Sample
Notes: These data are from the sample of mothers with one or more births used in Table 1.1. The numbers in white on the bars refer to the
number of observations. Controls include race, age, age at first birth, and AFQT.
Figure 1.4: Distribution of the CES-D Scale of Depression
Notes: These data are from the sample of mothers with one or more births used in Table 1.1.
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Figure 1.5: Trends in the Rate of Twin Births in the United States, 1980-2009
Notes: These data are obtained from the Center for Disease Control and Prevention’s National Vital Statistics System in Martin et al. (2012).
The twin birth rate refers to the number of twin births per 1,000 total births.
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Table 1.1: Summary Statistics: Mothers With One or More Births (1+ Births Sample)
Final Sample One Child Two Children Three Children
Four or More
Children
Mean
(S.D.)
Mean
(S.D.)
Mean
(S.D.)
Mean
(S.D.)
Mean
(S.D.)
Substance Use
Drank alcohol in the past month
0.511
(0.500)
0.533
(0.499)
0.548
(0.498)
0.490
(0.500)
0.391
(0.489)
Number of days drank
alcohol in the past month
3.240
(5.821)
3.796
(6.599)
3.467
(5.710)
2.883
(5.519)
2.274
(5.305)
Binge drank in the past month
0.086
(0.281)
0.116
(0.321)
0.081
(0.273)
0.068
(0.252)
0.091
(0.288)
Number of times binge
drank in the past month
0.192
(0.780)
0.264
(0.901)
0.175
(0.755)
0.145
(0.660)
0.222
(0.854)
Used marijuana in the past month
0.037
(0.190)
0.046
(0.011)
0.037
(0.188)
0.022
(0.146)
0.055
(0.228)
Number of times used
marijuana in the past month
0.102
(0.601)
0.152
(0.038)
0.091
(0.547)
0.074
(0.550)
0.115
(0.595)
Family Characteristics
Number of children
2.362
(1.116)
1.000
(0.000)
2.000
(0.000)
3.000
(0.000)
4.509
(0.994)
Twins at first birth
0.010
(0.099)
0.000
(0.000)
0.011
(0.105)
0.012
(0.110)
0.018
(0.134)
Individual Characteristics
Black
0.142
(0.349)
0.143
(0.351)
0.114
(0.318)
0.159
(0.365)
0.207
(0.406)
Hispanic
0.066
(0.248)
0.049
(0.216)
0.056
(0.229)
0.075
(0.263)
0.109
(0.312)
Other race
0.792
(0.406)
0.808
(0.394)
0.831
(0.375)
0.767
(0.423)
0.683
(0.466)
Age
41.100
(2.313)
40.931
(2.304)
41.097
(2.321)
41.222
(2.281)
41.143
(2.348)
Age at first birth
24.126
(5.843)
27.180
(6.574)
24.668
(5.507)
22.504
(4.954)
20.576
(4.259)
AFQT
4.780
(2.825)
4.742
(2.706)
5.042
(2.789)
4.634
(2.864)
4.219
(2.954)
Observations 3,119 600 1,272 773 474
Notes: Sample is mothers with one or more births. Round 20 cross-sectional weights are used.
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Table 1.2: Summary Statistics: Mothers With Two or More Births (2+ Births Sample)
Final Sample Two Children Three Children
Four or More
Children
Mean
(S.D.)
Mean
(S.D.)
Mean
(S.D.)
Mean
(S.D.)
Substance Use
Drank alcohol in the past month
0.506
(0.012)
0.548
(0.498)
0.490
(0.500)
0.391
(0.489)
Number of days drank
alcohol in the past month
3.103
(5.606)
3.467
(5.710)
2.883
(5.519)
2.274
(5.305)
Binge drank in the past month
0.079
(0.269)
0.081
(0.273)
0.068
(0.252)
0.091
(0.288)
Number of times binge
drank in the past month
0.174
(0.746)
0.175
(0.755)
0.145
(0.660)
0.222
(0.854)
Used marijuana in the past month
0.035
(0.184)
0.037
(0.188)
0.022
(0.146)
0.055
(0.228)
Number of times used
marijuana in the past month
0.090
(0.556)
0.091
(0.547)
0.074
(0.550)
0.115
(0.595)
Family Characteristics
Number of children
2.698
(0.991)
2.000
(0.000)
3.000
(0.000)
4.509
(0.994)
Twins at second birth
0.011
(0.103)
0.000
(0.000)
0.026
(0.158)
0.020
(0.139)
Same sex at first and second birth
0.467
(0.499)
0.416
(0.493)
0.531
(0.499)
0.522
(0.500)
Individual Characteristics
Black
0.142
(0.349)
0.114
(0.318)
0.159
(0.365)
0.207
(0.406)
Hispanic
0.070
(0.255)
0.056
(0.229)
0.075
(0.263)
0.109
(0.312)
Other race
0.788
(0.409)
0.831
(0.375)
0.767
(0.423)
0.683
(0.466)
Age
41.141
(2.314)
41.097
(2.321)
41.222
(2.281)
41.143
(2.348)
Age at first birth
23.373
(5.390)
24.668
(5.507)
22.504
(4.954)
20.576
(4.259)
AFQT
4.789
(2.854)
5.042
(2.789)
4.634
(2.864)
4.219
(2.954)
Observations 2,519 1,272 773 474
Notes: Sample is mothers with two or more births. Round 20 cross-sectional weights are used.
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Table 1.3: CES-D Scale Questions
Depression (based on the Center for Epidemiological Studies Depression Scale (CES-D))
Definition: Sum over the following 7 variables.
Coding of responses: 0 = Never/rarely, 1 = Sometimes, 2 = A lot of the time, 3 = Most/all of the time.
Question: How often was each of the following things true during the past week?
(1) You didn’t feel like eating, your appetite was poor.
(2) You had trouble keeping your mind on what you were doing.
(3) You felt depressed.
(4) You felt that everything you did was an effort.
(5) Your sleep was restless.
(6) You felt sad.
(7) You could not get “going.”
Depressed
Definition: =1 if depression ≥ 8, =0 otherwise.
Notes: This table highlights the 7-item CES-D scale initially developed by Radloff (1977).
Table 1.4: Balance Tests: Parental Characteristics
Outcome Variables: Parental Characteristics
(1)
Mother’s Age
at First Birth
(2)
Mother Hispanic
(3)
Mother Black
(4)
Mother’s Marital
Status
(5)
Mother’s Level
of Education
(6)
Mother Works
Outside the Home
(7)
Log Household
Income
Panel A. Family Size
-1.537***
(0.112)
0.022***
(0.005)
0.039***
(0.007)
0.009
(0.021)
-0.154***
(0.025)
-0.048***
(0.010)
-0.691***
(0.107)
Panel B. Twin at First or
Second Birth
4.473***
(0.959)
-0.045***
(0.013)
-0.008
(0.037)
0.005
(0.158)
0.819***
(0.174)
0.056
(0.056)
0.503
(0.622)
Panel C. Same Sex at First
and Second Births
-0.254
(0.255)
0.008
(0.007)
0.016
(0.011)
0.008
(0.043)
-0.058
(0.053)
0.004
(0.019)
-0.004
(0.201)
Observations 2,519 2,519 2,519 2,517 2,519 2,509 2,357
Notes: All coefficients are from separate regressions. Sample is mothers with two or more births.
*** p < 0.01, ** p < 0.05, * p < 0.1
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Table 1.5: IV and FE IV: Effects of Family Size on Mother’s Probability of Drinking (Dropping
All Twin Births After 1990)
Outcome Variable: Drank Alcohol in the Past Month
1+ Births Sample 2+ Births Sample
First Twin Instrument Second Twin Instrument Same Sex Instrument Combined Instruments
(1)
IV
(2)
FE IV
(3)
IV
(4)
FE IV
(5)
IV
(6)
FE IV
(7)
IV
(8)
FE IV
Second Stage
Family Size
0.167
(0.155)
0.010
(0.041)
0.265**
(0.110)
0.059
(0.042)
0.142
(0.151)
0.050***
(0.014)
0.221**
(0.094)
0.050***
(0.013)
First Stage
IV: Twins at First Birth
1.075**
(0.438)
1.295***
(0.239)
IV: Twins at Second Birth
0.752***
(0.098)
1.358***
(0.090)
0.789***
(0.100)
1.348***
(0.124)
IV: Same Sex at First
and Second Births
0.161***
(0.043)
0.764***
(0.030)
0.169***
(0.043)
0.763***
(0.030)
Mean 0.510 0.592 0.504 0.587 0.504 0.587 0.504 0.587
F-Statistic 14.656 336.826 48.762 490.226 18.086 1007.785 36.610 522.895
Hausman 0.095 0.026 0.205
Sargan-Hansen Statistic 0.394 0.780
Number of Mothers 3,110 4,906 2,510 3,744 2,510 3,744 2,510 3,744
Observations 3,110 51,372 2,510 40,210 2,510 40,210 2,510 40,210
Notes: All samples exclude mothers with twins born after 1990. “1+ births sample” (columns (1)-(2)) includes mothers with one or more
births, and “2+ births sample” (columns (3)-(8)) includes mothers with two or more births. Controls in “IV” regressions include race, age, age
squared, age at first birth, and AFQT. Controls in “FE IV” regressions include age, age squared, and mother fixed effects. Robust standard
errors in “FE IV” regressions are clustered at the mother level.
*** p < 0.01, ** p < 0.05, * p < 0.1
Table 1.6: IV and FE IV: Effects of Family Size on Mother’s Drinking Intensity (Dropping All
Twin Births After 1990)
Outcome Variable: Number of Days Drank in the Past Month
1+ Births Sample 2+ Births Sample
First Twin Instrument Second Twin Instrument Same Sex Instrument Combined Instruments
(1)
IV
(2)
FE IV
(3)
IV
(4)
FE IV
(5)
IV
(6)
FE IV
(7)
IV
(8)
FE IV
Second Stage
Family Size
-1.516**
(0.698)
1.834
(1.195)
-0.991
(0.783)
-0.374
(0.491)
-0.772
(1.615)
0.004
(0.158)
-0.486
(0.953)
-0.024
(0.150)
First Stage
IV: Twins at First Birth
1.075**
(0.438)
1.283***
(0.223)
IV: Twins at Second Birth
0.752***
(0.098)
1.413***
(0.095)
0.789***
(0.100)
1.371***
(0.129)
IV: Same Sex at First
and Second Births
0.161***
(0.043)
0.791***
(0.031)
0.169***
(0.043)
0.789***
(0.031)
Mean 3.226 3.649 3.084 3.535 3.084 3.535 3.084 3.535
F-Statistic 14.656 301.713 48.762 308.603 18.086 906.774 36.610 493.863
Hausman 0.018 0.284 0.744
Sargan-Hansen Statistic 0.759 0.473
Number of Mothers 3,110 4,855 2,510 3,722 2,510 3,722 2,510 3,722
Observations 3,110 47,006 2,510 36,962 2,510 36,962 2,510 36,962
Notes: All samples exclude mothers with twins born after 1990. “1+ births sample” (columns (1)-(2)) includes mothers with one or more
births, and “2+ births sample” (columns (3)-(8)) includes mothers with two or more births. Controls in “IV” regressions include race, age, age
squared, age at first birth, and AFQT. Controls in “FE IV” regressions include age, age squared, and mother fixed effects. Robust standard
errors in “FE IV” regressions are clustered at the mother level.
*** p < 0.01, ** p < 0.05, * p < 0.1
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Table 1.7: IV and FE IV: Effects of Family Size on Mother’s Probability of Binge Drinking
(Dropping All Twin Births After 1990)
Outcome Variable: Binge Drank in the Past Month
1+ Births Sample 2+ Births Sample
First Twin Instrument Second Twin Instrument Same Sex Instrument Combined Instruments
(1)
IV
(2)
FE IV
(3)
IV
(4)
FE IV
(5)
IV
(6)
FE IV
(7)
IV
(8)
FE IV
Second Stage
Family Size
0.013
(0.056)
0.010
(0.041)
0.021
(0.073)
0.072**
(0.029)
0.011
(0.077)
0.021*
(0.012)
0.016
(0.051)
0.020*
(0.011)
First Stage
IV: Twins at First Birth
1.075**
(0.438)
1.222***
(0.287)
IV: Twins at Second Birth
0.752***
(0.098)
1.261***
(0.083)
0.789***
(0.100)
1.274***
(0.116)
IV: Same Sex at First
and Second Births
0.161***
(0.043)
0.688***
(0.034)
0.169***
(0.043)
0.689***
(0.034)
Mean 0.086 0.166 0.078 0.156 0.078 0.156 0.078 0.156
F-Statistic 14.656 266.435 48.762 382.908 18.086 700.504 36.610 359.686
Hausman 0.890 0.781 0.896
Sargan-Hansen Statistic 0.927 0.718
Number of Mothers 3,110 4,899 2,510 3,740 2,510 3,740 2,510 3,740
Observations 3,110 44,507 2,510 34,760 2,510 34,760 2,510 34,760
Notes: All samples exclude mothers with twins born after 1990. “1+ births sample” (columns (1)-(2)) includes mothers with one or more
births, and “2+ births sample” (columns (3)-(8)) includes mothers with two or more births. Controls in “IV” regressions include race, age, age
squared, age at first birth, and AFQT. Controls in “FE IV” regressions include age, age squared, and mother fixed effects. Robust standard
errors in “FE IV” regressions are clustered at the mother level.
*** p < 0.01, ** p < 0.05, * p < 0.1
Table 1.8: IV and FE IV: Effects of Family Size on Mother’s Binge Drinking Intensity (Dropping
All Twin Births After 1990)
Outcome Variable: Number of Times Binge Drank in the Past Month
1+ Births Sample 2+ Births Sample
First Twin Instrument Second Twin Instrument Same Sex Instrument Combined Instruments
(1)
IV
(2)
FE IV
(3)
IV
(4)
FE IV
(5)
IV
(6)
FE IV
(7)
IV
(8)
FE IV
Second Stage
Family Size
0.057
(0.146)
0.122*
(0.069)
0.131
(0.080)
0.123
(0.079)
0.137
(0.214)
0.048
(0.030)
0.134
(0.117)
0.052*
(0.029)
First Stage
IV: Twins at First Birth
1.075**
(0.438)
1.222***
(0.287)
IV: Twins at Second Birth
0.752***
(0.098)
1.261***
(0.083)
0.789***
(0.100)
1.274***
(0.034)
IV: Same Sex at First
and Second Births
0.161***
(0.043)
0.688***
(0.034)
0.169***
(0.043)
0.689***
(0.034)
Mean 0.192 0.341 0.174 0.174 0.174
F-Statistic 14.656 276.680 48.762 264.390 18.086 700.504 36.610 359.686
Hausman 0.659 0.118 0.518
Sargan-Hansen Statistic 0.976 0.342
Number of Mothers 3,110 4,899 2,510 3,740 2,510 3,740 2,510 3,740
Observations 3,110 44,507 2,510 34,760 2,510 34,760 2,510 34,760
Notes: All samples exclude mothers with twins born after 1990. “1+ births sample” (columns (1)-(2)) includes mothers with one or more
births, and “2+ births sample” (columns (3)-(8)) includes mothers with two or more births. Controls in “IV” regressions include race, age, age
squared, age at first birth, and AFQT. Controls in “FE IV” regressions include age, age squared, and mother fixed effects. Robust standard
errors in “FE IV” regressions are clustered at the mother level.
*** p < 0.01, ** p < 0.05, * p < 0.1
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Table 1.9: IV and FE IV: Effects of Family Size on Mother’s Probability of Marijuana Use
(Dropping All Twin Births After 1990)
Outcome Variable: Used Marijuana in the Past Month
1+ Births Sample 2+ Births Sample
First Twin Instrument Second Twin Instrument Same Sex Instrument Combined Instruments
(1)
IV
(2)
FE IV
(3)
IV
(4)
FE IV
(5)
IV
(6)
FE IV
(7)
IV
(8)
FE IV
Second Stage
Family Size
0.025
(0.079)
-0.015
(0.029)
0.041
(0.075)
0.019
(0.035)
0.011
(0.054)
0.009
(0.012)
0.026
(0.043)
0.009
(0.011)
First Stage
IV: Twins at First Birth
1.075**
(0.438)
1.548***
(0.145)
IV: Twins at Second Birth
0.752***
(0.098)
1.634***
(0.117)
0.789***
(0.100)
1.502***
(0.194)
IV: Same Sex at First
and Second Births
0.162***
(0.042)
0.898***
(0.029)
0.169***
(0.043)
0.892***
(0.029)
Mean 0.036 0.076 0.035 0.070 0.035 0.070 0.035 0.070
F-Statistic 14.656 214.795 48.762 158.729 18.086 1060.660 36.610 557.754
Hausman 0.379 0.592 0.827
Sargan-Hansen Statistic 0.766 0.961
Number of Mothers 3,110 4,386 2,510 3,439 2,510 3,439 2,510 3,439
Observations 3,110 18,398 2,510 14,498 2,510 14,498 2,510 14,498
Notes: All samples exclude mothers with twins born after 1990. “1+ births sample” (columns (1)-(2)) includes mothers with one or more
births, and “2+ births sample” (columns (3)-(8)) includes mothers with two or more births. Controls in “IV” regressions include race, age, age
squared, age at first birth, and AFQT. Controls in “FE IV” regressions include age, age squared, and mother fixed effects. Robust standard
errors in “FE IV” regressions are clustered at the mother level.
*** p < 0.01, ** p < 0.05, * p < 0.1
Table 1.10: IV and FE IV: Effects of Family Size on Mother’s Marijuana Use Intensity (Dropping
All Twin Births After 1990)
Outcome Variable: Number of Times Used Marijuana in the Past Month
1+ Births Sample 2+ Births Sample
First Twin Instrument Second Twin Instrument Same Sex Instrument Combined Instruments
(1)
IV
(2)
FE IV
(3)
IV
(4)
FE IV
(5)
IV
(6)
FE IV
(7)
IV
(8)
FE IV
Second Stage
Family Size
-0.062
(0.254)
-0.022
(0.143)
0.148
(0.225)
-0.065
(0.192)
0.092
(0.167)
-0.012
(0.034)
0.119
(0.130)
-0.015
(0.035)
First Stage
IV: Twins at First Birth
1.075**
(0.438)
1.548***
(0.145)
IV: Twins at Second Birth
0.752***
(0.098)
1.634***
(0.117)
0.789***
(0.100)
1.502***
(0.194)
IV: Same Sex at First
and Second Births
0.161***
(0.043)
0.898***
(0.029)
0.169***
(0.043)
0.892***
(0.029)
Mean 0.103 0.211 0.090 0.194 0.090 0.194 0.090 0.194
F-Statistic 14.656 152.304 48.762 143.745 18.086 1211.073 36.610 634.556
Hausman 0.266 0.493 0.525
Sargan-Hansen Statistic 0.852 0.781
Number of Mothers 3,110 4,386 2,510 3,439 2,510 3,439 2,510 3,439
Observations 3,110 18,398 2,510 14,498 2,510 14,498 2,510 14,498
Notes: All samples exclude mothers with twins born after 1990. “1+ births sample” (columns (1)-(2)) includes mothers with one or more
births, and “2+ births sample” (columns (3)-(8)) includes mothers with two or more births. Controls in “IV” regressions include race, age, age
squared, age at first birth, and AFQT. Controls in “FE IV” regressions include age, age squared, and mother fixed effects. Robust standard
errors in “FE IV” regressions are clustered at the mother level.
*** p < 0.01, ** p < 0.05, * p < 0.1
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Table 1.11: OLS: Relationship Between Family Size and Mother’s Mental Health
Outcome Variables: Mother Mental Health Measures
(1)
Log CES-D Depression Score
(2)
Depressed
Family size
-0.014
(0.017)
-0.006
(0.007)
Hispanic
-0.160***
(0.049)
-0.039*
(0.020)
Black
-0.025
(0.044)
-0.015
(0.019)
Age
-0.731
(0.559)
-0.065
(0.258)
Age squared
0.009
(0.007)
0.001
(0.003)
Age at first birth
-0.015***
(0.004)
-0.006***
(0.001)
AFQT
-0.041***
(0.008)
-0.017***
(0.003)
R-Squared 0.033 0.035
Mean 1.159 0.162
Observations 3,450
Notes: “Depressed” is defined as having a CES-D score of 8 or above. Sample is mothers with one or more births. Controls include race, age,
age squared, age at first birth, and AFQT.
*** p < 0.01, ** p < 0.05, * p < 0.1
Table 1.12: OLS: Relationship Between Family Size and Mother’s Substance Use
Outcome Variables: Mother Substance Use Measures in Past Month
(1)
Drank Alcohol
(2)
Number of Days
Drank Alcohol
(3)
Binge Drank
(4)
Number of Times
Binge Drank
(5)
Used Marijuana
(6)
Number of Times
Used Marijuana
Family size
-0.028***
(0.009)
-0.273**
(0.108)
-0.008
(0.005)
-0.020
(0.015)
-0.005
(0.004)
-0.027**
(0.012)
Hispanic
0.009
(0.027)
-0.662***
(0.239)
-0.018
(0.016)
-0.064
(0.040)
-0.018*
(0.010)
-0.053*
(0.029)
Black
-0.053**
(0.025)
-0.007
(0.262)
-0.027*
(0.015)
-0.061
(0.040)
-0.012
(0.011)
-0.052
(0.032)
Age
0.243
(0.175)
3.992**
(1.968)
0.011
(0.096)
0.295
(0.256)
-0.043
(0.053)
-0.088
(0.175)
Age squared
-0.003
(0.002)
-0.048**
(0.024)
-0.000
(0.001)
-0.004
(0.003)
0.001
(0.001)
0.001
(0.002)
Age at first birth
0.006***
(0.002)
0.071***
(0.025)
-0.000
(0.001)
-0.002
(0.003)
-0.003***
(0.001)
-0.009***
(0.002)
AFQT
0.024***
(0.004)
0.231***
(0.047)
-0.008***
(0.003)
-0.022***
(0.007)
-0.002
(0.002)
-0.004
(0.005)
R-Squared 0.046 0.035 0.007 0.008 0.008 0.009
Mean 0.511 3.240 0.086 0.192 0.037 0.102
Observations 3,119
Notes: Sample is mothers with one or more births. Controls include race, age, age squared, age at first birth, and AFQT.
*** p < 0.01, ** p < 0.05, * p < 0.1
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Table 1.13: Mother Fixed Effects: Effect of Family Size on Mother’s Substance Use
Outcome Variables: Mother Substance Use Measures in Past Month
(1)
Drank Alcohol
(2)
Number of Days
Drank Alcohol
(3)
Binge Drank
(4)
Number of Times
Binge Drank
(5)
Used Marijuana
(6)
Number of Times
Used Marijuana
Panel A. Full Sample
Family size
-0.005
(0.004)
-0.034
(0.046)
0.001
(0.003)
0.011
(0.009)
0.005
(0.004)
0.007
(0.011)
Number of Women 6,229 6,208 6,227 6,227 6,130 6,130
Observations 63,208 57,623 54,937 54,937 23,209 23,209
Panel B. 1+ Births Sample
Family size
-0.010**
(0.004)
-0.087*
(0.048)
-0.006*
(0.003)
-0.008
(0.009)
0.002
(0.004)
-0.000
(0.012)
Number of Mothers 4,930 4,923 4,928 4,928 4,875 4,875
Observations 51,482 47,159 44,608 44,608 18,925 18,925
Panel C. 2+ Births Sample
Family size
-0.017***
(0.005)
-0.115**
(0.052)
-0.008**
(0.004)
-0.017*
(0.010)
0.001
(0.004)
-0.000
(0.013)
Number of Mothers 3,756 3,754 3,754 3,754 3,719 3,719
Observations 40,307 37,077 34,844 34,844 14,815 14,815
Notes: All coefficients are from separate regressions. “Full sample” (Panel A) includes all women, “1+ births sample” (Panel B) includes
mothers with one or more births, and “2+ births sample” (Panel C) includes mothers with two or more births. Controls include age, age
squared, and mother fixed effects. Robust standard errors are clustered at the mother level.
*** p < 0.01, ** p < 0.05, * p < 0.1
Table 1.14: IV: Effects of Family Size on Mother’s Log CES-D Depression Score
Outcome Variable: Log CES-D Depression Score
1+ Births Sample 2+ Births Sample
(1)
First Twin Instrument
(2)
Second Twin Instrument
(3)
Same Sex Instrument
(4)
Combined Instruments
Second Stage
Family Size
0.498*
(0.274)
0.377*
(0.228)
0.403
(0.258)
0.386*
(0.202)
First Stage
IV: Twins at First Birth
0.960***
(0.344)
IV: Twins at Second Birth
0.752***
(0.089)
0.785***
(0.089)
IV: Same Sex at First
and Second Births
0.163***
(0.040)
0.169***
(0.040)
Mean 1.159 1.153 1.153 1.153
F-Statistic 28.425 19.388 20.704 44.948
Hausman 0.037 0.121 0.090
Sargan-Hansen Statistic 0.235
Observations 3,450 2,776
Notes: “1+ births sample” (column (1)) includes mothers with one or more births, and “2+ births sample” (columns (2)-(4)) includes
mothers with two or more births. Controls include race, age, age squared, age at first birth, and AFQT.
*** p < 0.01, ** p < 0.05, * p < 0.1
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Table 1.15: IV: Effects of Family Size on Mother’s Probability of Depression
Outcome Variable: Depressed
1+ Births Sample 2+ Births Sample
(1)
First Twin Instrument
(2)
Second Twin Instrument
(3)
Same Sex Instrument
(4)
Combined Instruments
Second Stage
Family Size
0.144
(0.122)
0.140*
(0.075)
0.156
(0.106)
0.148**
(0.067)
First Stage
IV: Twins at First Birth
0.960***
(0.344)
IV: Twins at Second Birth
0.752***
(0.089)
0.785***
(0.089)
IV: Same Sex at First
and Second Births
0.163***
(0.040)
0.169***
(0.040)
Mean 0.162 0.161 0.161 0.161
F-Statistic 28.425 19.388 20.704 44.948
Hausman 0.163 0.123 0.100
Sargan-Hansen Statistic 0.894
Observations 3,450 2,776
Notes: “Depressed” is defined as having a CES-D score of 8 or above. “1+ births sample” (column (1)) includes mothers with one or more
births, and “2+ births sample” (columns (2)-(4)) includes mothers with two or more births. Controls include race, age, age squared, age at first
birth, and AFQT.
*** p < 0.01, ** p < 0.05, * p < 0.1
Table 1.16: IV and FE IV: Effects of Family Size on Mother’s Probability of Drinking
Outcome Variable: Drank Alcohol in the Past Month
1+ Births Sample 2+ Births Sample
First Twin Instrument Second Twin Instrument Same Sex Instrument Combined Instruments
(1)
IV
(2)
FE IV
(3)
IV
(4)
FE IV
(5)
IV
(6)
FE IV
(7)
IV
(8)
FE IV
Second Stage
Family Size
0.177
(0.138)
0.026
(0.038)
0.265**
(0.110)
0.070*
(0.041)
0.129
(0.148)
0.050***
(0.014)
0.213**
(0.093)
0.050***
(0.013)
First Stage
IV: Twins at First Birth
0.913***
(0.295)
1.284***
(0.152)
IV: Twins at Second Birth
0.751***
(0.098)
1.269***
(0.082)
0.789***
(0.100)
1.245***
(0.116)
IV: Same Sex at First
and Second Births
0.162***
(0.042)
0.775***
(0.024)
0.170***
(0.042)
0.774***
(0.024)
Mean 0.511 0.574 0.506 0.567 0.506 0.567 0.506 0.567
F-Statistic 16.387 367.644 48.679 375.388 18.542 1006.379 36.672 520.164
Hausman 0.054 0.026 0.232
Sargan-Hansen Statistic 0.354 0.989
Number of Mothers 3,119 4,906 2,519 3,744 2,519 3,744 2,519 3,744
Observations 3,119 51,451 2,519 40,289 2,519 40,289 2,519 40,289
Notes: “1+ births sample” (columns (1)-(2)) includes mothers with one or more births, and “2+ births sample” (columns (3)-(8)) includes
mothers with two or more births. Controls in “IV” regressions include race, age, age squared, age at first birth, and AFQT. Controls in “FE IV”
regressions include age, age squared, and mother fixed effects. Robust standard errors in “FE IV” regressions are clustered at the mother level.
*** p < 0.01, ** p < 0.05, * p < 0.1
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Table 1.17: IV and FE IV: Effects of Family Size on Mother’s Drinking Intensity
Outcome Variable: Number of Days Drank Alcohol in the Past Month
1+ Births Sample 2+ Births Sample
First Twin Instrument Second Twin Instrument Same Sex Instrument Combined Instruments
(1)
IV
(2)
FE IV
(3)
IV
(4)
FE IV
(5)
IV
(6)
FE IV
(7)
IV
(8)
FE IV
Second Stage
Family Size
-0.482
(0.904)
-1.670
(1.136)
-0.208
(1.010)
-0.549
(0.538)
-0.918
(1.600)
-0.008
(0.158)
-0.579
(0.951)
-0.054
(0.151)
First Stage
IV: Twins at First Birth
0.913***
(0.295)
1.324***
(0.145)
IV: Twins at Second Birth
0.751***
(0.098)
1.328***
(0.088)
0.789***
(0.100)
1.285***
(0.124)
IV: Same Sex at First
and Second Births
0.162***
(0.042)
0.806***
(0.025)
0.170***
(0.042)
0.803***
(0.025)
Mean 3.240 3.516 3.103 3.385 3.103 3.385 3.103 3.385
F-Statistic 16.387 333.914 48.679 359.592 18.542 903.373 36.672 493.639
Hausman 0.705 0.962 0.675
Sargan-Hansen Statistic 0.711 0.348
Number of Mothers 3,119 4,855 2,519 3,722 2,519 3,722 2,519 3,722
Observations 3,119 47,084 2,519 37,040 2,519 37,040 2,519 37,040
Notes: “1+ births sample” (columns (1)-(2)) includes mothers with one or more births, and “2+ births sample” (columns (3)-(8)) includes
mothers with two or more births. Controls in “IV” regressions include race, age, age squared, age at first birth, and AFQT. Controls in “FE IV”
regressions include age, age squared, and mother fixed effects. Robust standard errors in “FE IV” regressions are clustered at the mother level.
*** p < 0.01, ** p < 0.05, * p < 0.1
Table 1.18: IV and FE IV: Effects of Family Size on Mother’s Probability of Binge Drinking
Outcome Variable: Binge Drank in the Past Month
1+ Births Sample 2+ Births Sample
First Twin Instrument Second Twin Instrument Same Sex Instrument Combined Instruments
(1)
IV
(2)
FE IV
(3)
IV
(4)
FE IV
(5)
IV
(6)
FE IV
(7)
IV
(8)
FE IV
Second Stage
Family Size
0.054
(0.077)
0.016
(0.037)
0.023
(0.073)
0.068**
(0.028)
0.004
(0.077)
0.021*
(0.012)
0.013
(0.051)
0.021*
(0.011)
First Stage
IV: Twins at First Birth
0.913***
(0.295)
1.205***
(0.180)
IV: Twins at Second Birth
0.751***
(0.098)
1.176***
(0.086)
0.789***
(0.100)
1.180***
(0.117)
IV: Same Sex at First
and Second Births
0.162***
(0.042)
0.714***
(0.027)
0.170***
(0.042)
0.715***
(0.027)
Mean 0.086 0.160 0.079 0.150 0.079 0.150 0.079 0.150
F-Statistic 16.387 290.309 48.679 376.170 18.542 697.647 36.672 357.473
Hausman 0.417 0.762 0.973
Sargan-Hansen Statistic 0.860 0.901
Number of Mothers 3,119 4,899 2,519 3,740 2,519 3,740 2,519 3,740
Observations 3,119 44,571 2,519 34,824 2,519 34,824 2,519 34,824
Notes: “1+ births sample” (columns (1)-(2)) includes mothers with one or more births, and “2+ births sample” (columns (3)-(8)) includes
mothers with two or more births. Controls in “IV” regressions include race, age, age squared, age at first birth, and AFQT. Controls in “FE IV”
regressions include age, age squared, and mother fixed effects. Robust standard errors in “FE IV” regressions are clustered at the mother level.
*** p < 0.01, ** p < 0.05, * p < 0.1
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Table 1.19: IV and FE IV: Effects of Family Size on Mother’s Binge Drinking Intensity
Outcome Variable: Number of Times Binge Drank in the Past Month
1+ Births Sample 2+ Births Sample
First Twin Instrument Second Twin Instrument Same Sex Instrument Combined Instruments
(1)
IV
(2)
FE IV
(3)
IV
(4)
FE IV
(5)
IV
(6)
FE IV
(7)
IV
(8)
FE IV
Second Stage
Family Size
0.055
(0.146)
0.131*
(0.074)
0.135*
(0.080)
0.128**
(0.065)
0.131
(0.211)
0.049*
(0.030)
0.133
(0.117)
0.053*
(0.028)
First Stage
IV: Twins at First Birth
0.913***
(0.295)
1.205***
(0.180)
IV: Twins at Second Birth
0.751***
(0.098)
1.176***
(0.086)
0.789***
(0.100)
1.180***
(0.117)
IV: Same Sex at First
and Second Births
0.162***
(0.042)
0.714***
(0.027)
0.170***
(0.042)
0.715***
(0.027)
Mean 0.192 0.329 0.174 0.302 0.174 0.302 0.174 0.302
F-Statistic 16.387 290.309 48.679 279.669 18.542 621.220 36.672 345.485
Hausman 0.664 0.111 0.535
Sargan-Hansen Statistic 0.985 0.862
Number of Mothers 3,119 4,899 2,519 4,899 2,519 4,899 2,519 4,899
Observations 3,119 44,571 2,519 34,824 2,519 34,824 2,519 34,824
Notes: “1+ births sample” (columns (1)-(2)) includes mothers with one or more births, and “2+ births sample” (columns (3)-(8)) includes
mothers with two or more births. Controls in “IV” regressions include race, age, age squared, age at first birth, and AFQT. Controls in “FE IV”
regressions include age, age squared, and mother fixed effects. Robust standard errors in “FE IV” regressions are clustered at the mother level.
*** p < 0.01, ** p < 0.05, * p < 0.1
Table 1.20: IV and FE IV: Effects of Family Size on Mother’s Probability of Marijuana Use
Outcome Variable: Used Marijuana in the Past Month
1+ Births Sample 2+ Births Sample
First Twin Instrument Second Twin Instrument Same Sex Instrument Combined Instruments
(1)
IV
(2)
FE IV
(3)
IV
(4)
FE IV
(5)
IV
(6)
FE IV
(7)
IV
(8)
FE IV
Second Stage
Family Size
0.024
(0.078)
-0.006
(0.037)
0.041
(0.074)
0.007
(0.030)
0.010
(0.053)
0.009
(0.012)
0.025
(0.042)
0.009
(0.009)
First Stage
IV: Twins at First Birth
0.913***
(0.295)
1.560***
(0.103)
IV: Twins at Second Birth
0.751***
(0.098)
1.517***
(0.101)
0.789***
(0.100)
1.401***
(0.135)
IV: Same Sex at First
and Second Births
0.162***
(0.042)
0.863***
(0.024)
0.170***
(0.042)
0.857***
(0.024)
Mean 0.037 0.073 0.0035 0.067 0.035 0.067 0.035 0.067
F-Statistic 16.387 215.558 48.679 187.017 18.542 1067.154 36.672 734.680
Hausman 0.360 0.588 0.837
Sargan-Hansen Statistic 0.757 0.661
Number of Mothers 3,119 4,389 2,519 3,442 2,519 3,442 2,519 3,442
Observations 3,119 18,437 2,519 14,537 2,519 14,537 2,519 14,537
Notes: “1+ births sample” (columns (1)-(2)) includes mothers with one or more births, and “2+ births sample” (columns (3)-(8)) includes
mothers with two or more births. Controls in “IV” regressions include race, age, age squared, age at first birth, and AFQT. Controls in “FE IV”
regressions include age, age squared, and mother fixed effects. Robust standard errors in “FE IV” regressions are clustered at the mother level.
*** p < 0.01, ** p < 0.05, * p < 0.1
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Table 1.21: IV and FE IV: Effects of Family Size on Mother’s Marijuana Use Intensity
Outcome Variable: Number of Times Used Marijuana in the Past Month
1+ Births Sample 2+ Births Sample
First Twin Instrument Second Twin Instrument Same Sex Instrument Combined Instruments
(1)
IV
(2)
FE IV
(3)
IV
(4)
FE IV
(5)
IV
(6)
FE IV
(7)
IV
(8)
FE IV
Second Stage
Family Size
-0.063
(0.223)
-0.067
(0.129)
0.148
(0.225)
-0.131
(0.223)
0.091
(0.164)
-0.011
(0.034)
0.118
(0.129)
-0.021
(0.036)
First Stage
IV: Twins at First Birth
0.913***
(0.295)
1.560***
(0.103)
IV: Twins at Second Birth
0.751***
(0.098)
1.517***
(0.101)
0.789***
(0.100)
1.401***
(0.135)
IV: Same Sex at First
and Second Births
0.162***
(0.042)
0.863***
(0.024)
0.170***
(0.042)
0.857***
(0.024)
Mean 0.102 0.203 0.090 0.185 0.090 0.185 0.090 0.185
F-Statistic 16.387 159.639 48.679 151.463 18.542 1219.470 36.672 657.620
Hausman 0.149 0.493 0.522
Sargan-Hansen Statistic 0.849 0.595
Number of Mothers 3,119 4,389 2,519 3,442 2,519 3,442 2,519 3,442
Observations 3,119 18,437 2,519 14,537 2,519 14,537 2,519 14,537
Notes: “1+ births sample” (columns (1)-(2)) includes mothers with one or more births, and “2+ births sample” (columns (3)-(8)) includes
mothers with two or more births. Controls in “IV” regressions include race, age, age squared, age at first birth, and AFQT. Controls in “FE IV”
regressions include age, age squared, and mother fixed effects. Robust standard errors in “FE IV” regressions are clustered at the mother level.
*** p < 0.01, ** p < 0.05, * p < 0.1
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Table 1.22: FE IV: Heterogeneous Effects of Family Size on Mother’s Probability of Drinking
Outcome Variable: Drank Alcohol in the Past Month
2+ Births Sample
Second Twin Instrument Same Sex Instrument Combined Instruments
(1)
FE IV
(2)
FE IV
(3)
FE IV
(4)
Observations
Panel A. Race
Black
0.131
(0.116)
0.033
(0.026)
0.035**
(0.016)
11,599
Hispanic
0.041
(0.042)
0.013
(0.038)
0.018
(0.037)
7,956
Non-Black, Non-Hispanic
0.112***
(0.030)
0.069***
(0.018)
0.060***
(0.017)
20,734
Panel B. Education
Less than High School
0.061
(0.040)
0.075*
(0.044)
0.039***
(0.014)
6,574
High School or More
0.147*
(0.078)
0.045***
(0.015)
0.070*
(0.042)
33,433
Panel C. Marital Status
Married
0.097**
(0.049)
0.061***
(0.016)
0.053***
(0.016)
21,887
Not Married
0.072
(0.058)
0.026
(0.027)
0.024
(0.026)
17,925
Panel D. Income
Low Income Quartile
0.071**
(0.034)
0.072***
(0.025)
0.063***
(0.023)
14,304
Not Low Income Quartile
0.082**
(0.041)
0.040**
(0.017)
0.037**
(0.016)
26,675
Panel E. Employment Status
Employed
0.031
(0.036)
0.042**
(0.017)
0.041**
(0.017)
26,001
Not Employed
0.142
(0.091)
0.075***
(0.024)
0.077***
(0.024)
13,664
Notes: All coefficients are from separate regressions. Sample includes mothers with two or more births. Controls include age, age squared,
and mother fixed effects. Robust standard errors are clustered at the mother level.
*** p < 0.01, ** p < 0.05, * p < 0.1
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Table 1.23: FE IV: Heterogeneous Effects of Family Size on Mother’s Drinking Intensity
Outcome Variable: Number of Days Drank Alcohol in the Past Month
2+ Births Sample
Second Twin Instrument Same Sex Instrument Combined Instruments
(1)
FE IV
(2)
FE IV
(3)
FE IV
(4)
Observations
Panel A. Race
Black
-0.293
(1.582)
0.241
(0.262)
0.209
(0.257)
10,750
Hispanic
-0.995*
(0.520)
-0.510
(0.357)
-0.537
(0.339)
7,381
Non-Black, Non-Hispanic
-0.635
(0.540)
-0.079
(0.236)
-0.142
(0.219)
18,909
Panel B. Education
Less than High School
-0.724
(0.570)
-0.443
(0.572)
-0.450
(0.558)
5,749
High School or More
-0.686
(0.548)
-0.055
(0.174)
-0.115
(0.165)
31,215
Panel C. Marital Status
Married
-0.591
(0.411)
0.083
(0.168)
0.010
(0.158)
20,748
Not Married
-0.007
(0.222)
-0.003
(0.318)
-0.004
(0.314)
15,783
Panel D. Income
Low Income Quartile
1.061
(1.211)
0.034
(0.282)
0.134
(0.277)
13,101
Not Low Income Quartile
-0.910*
(0.483)
-0.171
(0.210)
-0.234
(0.197)
24,370
Panel E. Employment Status
Employed
-0.750*
(0.415)
-0.050
(0.210)
-0.119
(0.194)
24,378
Not Employed
-0.511
(1.265)
0.077
(0.268)
0.028
(0.262)
11,964
Notes: All coefficients are from separate regressions. Sample includes mothers with two or more births. Controls include age, age squared,
and mother fixed effects. Robust standard errors are clustered at the mother level.
*** p < 0.01, ** p < 0.05, * p < 0.1
39
Table 1.24: FE IV: Heterogeneous Effects of Family Size on Mother’s Probability of Binge
Drinking
Outcome Variable: Binge Drank in the Past Month
2+ Births Sample
Second Twin Instrument Same Sex Instrument Combined Instruments
(1)
FE IV
(2)
FE IV
(3)
FE IV
(4)
Observations
Panel A. Race
Black
0.056
(0.096)
0.032*
(0.019)
0.029
(0.018)
9,963
Hispanic
0.091***
(0.015)
0.022
(0.032)
0.014
(0.031)
6,794
Non-Black, Non-Hispanic
0.085***
(0.030)
0.023
(0.016)
0.021
(0.015)
18,067
Panel B. Education
Less than High School
0.038
(0.030)
0.048
(0.037)
0.019
(0.012)
5,725
High School or More
0.090***
(0.029)
0.024*
(0.013)
0.054
(0.035)
28,812
Panel C. Marital Status
Married
0.015
(0.026)
0.028**
(0.012)
0.023**
(0.012)
18,344
Not Married
0.108***
(0.038)
0.020
(0.022)
0.023
(0.022)
15,924
Panel D. Income
Low Income Quartile
0.026
(0.034)
0.031**
(0.015)
0.023
(0.015)
12,050
Not Low Income Quartile
0.085***
(0.032)
0.026
(0.021)
0.028
(0.020)
23,226
Panel E. Employment Status
Employed
0.031
(0.036)
0.028*
(0.016)
0.029*
(0.015)
22,423
Not Employed
-0.019
(0.060)
0.038*
(0.019)
0.036*
(0.019)
11,668
Notes: All coefficients are from separate regressions. Sample includes mothers with two or more births. Controls include age, age squared,
and mother fixed effects. Robust standard errors are clustered at the mother level.
*** p < 0.01, ** p < 0.05, * p < 0.1
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Table 1.25: FE IV: Heterogeneous Effects of Family Size on Mother’s Binge Drinking Intensity
Outcome Variable: Number of Times Binge Drank in the Past Month
2+ Births Sample
Second Twin Instrument Same Sex Instrument Combined Instruments
(1)
FE IV
(2)
FE IV
(3)
FE IV
(4)
Observations
Panel A. Race
Black
0.043
(0.201)
0.099**
(0.047)
0.095**
(0.046)
9,963
Hispanic
-0.160
(0.360)
0.079
(0.079)
0.068
(0.076)
6,794
Non-Black, Non-Hispanic
0.058
(0.101)
0.030
(0.041)
0.033
(0.038)
18,067
Panel B. Education
Less than High School
0.202**
(0.103)
0.120
(0.108)
0.127
(0.100)
5,725
High School or More
0.003
(0.103)
0.054*
(0.032)
0.049
(0.030)
28,812
Panel C. Marital Status
Married
-0.007
(0.054)
0.058**
(0.024)
0.051**
(0.022)
18,344
Not Married
0.214
(0.282)
0.064
(0.064)
0.071
(0.062)
15,924
Panel D. Income
Low Income Quartile
0.193*
(0.111)
0.087
(0.056)
0.099*
(0.051)
12,050
Not Low Income Quartile
0.085
(0.131)
0.046
(0.038)
0.034
(0.036)
23,226
Panel E. Employment Status
Employed
-0.063
(0.126)
0.029
(0.039)
0.020
(0.038)
22,423
Not Employed
0.130
(0.091)
0.131***
(0.050)
0.131***
(0.047)
11,668
Notes: All coefficients are from separate regressions. Sample includes mothers with two or more births. Controls include age, age squared,
and mother fixed effects. Robust standard errors are clustered at the mother level.
*** p < 0.01, ** p < 0.05, * p < 0.1
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Table 1.26: FE IV: Heterogeneous Effects of Family Size on Mother’s Probability of Marijuana
Use
Outcome Variable: Used Marijuana in the Past Month
2+ Births Sample
Second Twin Instrument Same Sex Instrument Combined Instruments
(1)
FE IV
(2)
FE IV
(3)
FE IV
(4)
Observations
Panel A. Race
Black
-0.197
(0.164)
0.045**
(0.020)
0.025
(0.024)
4,217
Hispanic
0.006**
(0.003)
0.016
(0.026)
0.016
(0.026)
2,946
Non-Black, Non-Hispanic
0.036*
(0.020)
0.002
(0.014)
0.005
(0.013)
7,374
Panel B. Education
Less than High School
0.024**
(0.011)
0.002
(0.062)
0.003
(0.060)
2,387
High School or More
0.006
(0.032)
0.011
(0.012)
0.010
(0.011)
11,969
Panel C. Marital Status
Married
0.013
(0.021)
-0.007
(0.012)
-0.005
(0.011)
8,074
Not Married
-0.306
(0.211)
0.026
(0.034)
0.012
(0.035)
5,116
Panel D. Income
Low Income Quartile
-0.134
(0.114)
0.004
(0.029)
-0.012
(0.028)
4,977
Not Low Income Quartile
0.035***
(0.005)
0.014
(0.014)
0.016
(0.013)
8,681
Panel E. Employment Status
Employed
-0.004
(0.023)
0.008
(0.011)
0.007
(0.011)
8,730
Not Employed
0.258*
(0.149)
0.023
(0.026)
0.031
(0.027)
4,374
Notes: All coefficients are from separate regressions. Sample includes mothers with two or more births. Controls include age, age squared,
and mother fixed effects. Robust standard errors are clustered at the mother level.
*** p < 0.01, ** p < 0.05, * p < 0.1
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Table 1.27: FE IV: Heterogeneous Effects of Family Size on Mother’s Marijuana Use Intensity
Outcome Variable: Number of Times Used Marijuana in the Past Month
2+ Births Sample
Second Twin Instrument Same Sex Instrument Combined Instruments
(1)
FE IV
(2)
FE IV
(3)
FE IV
(4)
Observations
Panel A. Race
Black
-0.829
(0.673)
0.146**
(0.065)
0.067
(0.085)
4,217
Hispanic
0.040
(0.080)
-0.094
(0.090)
-0.093
(0.089)
2,946
Non-Black, Non-Hispanic
0.174***
(0.057)
-0.061
(0.044)
-0.038
(0.041)
7,374
Panel B. Education
Less than High School
0.081
(0.176)
0.132
(0.157)
0.123
(0.142)
2,387
High School or More
-0.141
(0.229)
-0.031
(0.035)
-0.041
(0.037)
11,969
Panel C. Marital Status
Married
0.061**
(0.028)
-0.055
(0.036)
-0.040
(0.032)
8,074
Not Married
-1.550
(0.976)
-0.054
(0.087)
-0.127
(0.103)
5,116
Panel D. Income
Low Income Quartile
-0.735
(0.583)
-0.046
(0.098)
-0.151
(0.124)
4,977
Not Low Income Quartile
0.123***
(0.043)
-0.015
(0.040)
-0.007
(0.038)
8,681
Panel E. Employment Status
Employed
0.086
(0.116)
-0.017
(0.039)
-0.010
(0.036)
8,730
Not Employed
-0.713
(0.559)
0.048
(0.100)
-0.066
(0.124)
4,374
Notes: All coefficients are from separate regressions. Sample includes mothers with two or more births. Controls include age, age squared,
and mother fixed effects. Robust standard errors are clustered at the mother level.
*** p < 0.01, ** p < 0.05, * p < 0.1
Table 1.28: Mother Fixed Effects: Birth Parity Effects of an Additional Child on Mother’s
Substance Use
Outcome Variables: Mother Substance Use Measures in Past Month
(1)
Drank Alcohol
(2)
Number of Days
Drank Alcohol
(3)
Binge Drank
(4)
Number of Times
Binge Drank
(5)
Used Marijuana
(6)
Number of Times
Used Marijuana
Panel A. 1+ Births Sample
After First Child Birth
-0.057***
(0.009)
-0.603***
(0.109)
-0.083***
(0.008)
-0.192***
(0.020)
-0.021**
(0.008)
-0.054**
(0.025)
Number of Mothers 4,930 4,923 4,928 4,928 4,875 4,875
Observations 51,482 47,159 44,608 44,608 18,925 18,925
Panel B. 2+ Births Sample
After Second Child Birth
-0.031***
(0.009)
-0.058
(0.106)
-0.033***
(0.008)
-0.050**
(0.020)
-0.006
(0.008)
0.005
(0.025)
Number of Mothers 3,756 3,754 3,754 3,754 3,719 3,719
Observations 40,307 37,077 34,844 34,844 14,815 14,815
Panel C. 3+ Births Sample
After Third Child Birth
-0.017
(0.014)
0.174
(0.144)
-0.002
(0.012)
0.024
(0.030)
0.004
(0.010)
0.006
(0.035)
Number of Mothers 1,788 1,787 1,788 1,788 1,772 1,772
Observations 19,439 17,970 16,775 16,775 7,127 7,127
Notes: All coefficients are from separate regressions. “1+ births sample” (Panel A) includes mothers with one or more births, “2+ births
sample” (Panel B) includes mothers with two or more births, and “3+ births sample” (Panel C) includes mothers with three or more births.
Controls include age, age squared, and mother fixed effects. Robust standard errors are clustered at the mother level.
*** p < 0.01, ** p < 0.05, * p < 0.1
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Table 1.29: Mother Fixed Effects: Long Run Birth Parity Effects of an Additional Child on
Mother’s Substance Use
Outcome Variables: Mother Substance Use Measures in Past Month
(1)
Drank Alcohol
(2)
Number of Days
Drank Alcohol
(3)
Binge Drank
(4)
Number of Times
Binge Drank
(5)
Used Marijuana
(6)
Number of Times
Used Marijuana
Panel A. 1+ Births Sample
After First Child Birth Short Run (0-3 years)
-0.091***
(0.009)
-1.051***
(0.107)
-0.107***
(0.008)
-0.261***
(0.021)
-0.026***
(0.008)
-0.065***
(0.024)
Long Run (3+ years)
-0.044***
(0.010)
-0.348***
(0.127)
-0.066***
(0.009)
-0.138***
(0.023)
-0.016
(0.010)
-0.045
(0.032)
Number of Mothers 4,930 4,923 4,928 4,928 4,875 4,875
Observations 51,482 47,159 44,608 44,608 18,925 18,925
Panel B. 2+ Births Sample
After Second Child Birth Short Run (0-3 years)
-0.057***
(0.010)
-0.410***
(0.104)
-0.056***
(0.008)
-0.114***
(0.020)
-0.012
(0.008)
-0.014
(0.025)
Long Run (3+ years)
-0.019*
(0.012)
0.164
(0.133)
-0.010
(0.010)
0.023
(0.026)
0.010
(0.010)
0.046
(0.032)
Number of Mothers 3,756 3,754 3,754 3,754 3,719 3,719
Observations 40,307 37,077 34,844 34,844 14,815 14,815
Panel C. 3+ Births Sample
After Third Child Birth Short Run (0-3 years)
-0.043***
(0.015)
-0.044
(0.142)
-0.015
(0.013)
-0.015
(0.031)
-0.000
(0.010)
-0.021
(0.035)
Long Run (3+ years)
0.001
(0.017)
0.588***
(0.186)
0.021
(0.016)
0.101**
(0.042)
0.010
(0.013)
0.030
(0.045)
Number of Mothers 1,788 1,787 1,788 1,788 1,772 1,772
Observations 19,439 17,970 16,775 16,775 7,127 7,127
Notes: All coefficients are from separate regressions. “1+ births sample” (Panel A) includes mothers with one or more births, “2+ births
sample” (Panel B) includes mothers with two or more births, and “3+ births sample” (Panel C) includes mothers with three or more births.
Controls include age, age squared, and mother fixed effects. Robust standard errors are clustered at the mother level.
*** p < 0.01, ** p < 0.05, * p < 0.1
Table 1.30: Reduced Form: Relationship Between Twins at the First or Second Birth and Same
Sex at the First and Second Birth and Mother’s Mental Health
Outcome Variables: Mother Mental Health Measures
(1)
Log CES-D
Depression Score
(2)
Depressed
(3)
Log CES-D
Depression Score
(4)
Depressed
Twins at first or second birth
0.326***
(0.109)
0.042
(0.051)
Same sex at first and second births
-0.061
(0.039)
-0.023
(0.016)
Hispanic
-0.130
(0.055)
-0.047**
(0.023)
-0.129**
(0.054)
-0.047**
(0.023)
Black
-0.028
(0.050)
-0.026
(0.022)
-0.024
(0.050)
-0.026
(0.022)
Age
-0.637
(0.685)
-0.264
(0.321)
-0.742
(0.691)
-0.283
(0.322)
Age squared
0.008
(0.008)
0.003
(0.004)
0.009
(0.008)
0.003
(0.004)
Age at first birth
-0.022***
(0.004)
-0.008***
(0.002)
-0.021***
(0.004)
-0.008***
(0.002)
AFQT
-0.035***
(0.009)
-0.018***
(0.004)
-0.035***
(0.009)
-0.018***
(0.004)
R-Squared 0.041 0.043 0.040 0.044
Mean 1.153 0.161 1.153 0.161
Observations 2,776
Notes: Sample is mothers with two or more births. Controls include race, age, age squared, age at first birth, and AFQT.*** p < 0.01, **
p < 0.05, * p < 0.1
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Table 1.31: Reduced Form: Relationship Between Twins at the First or Second Birth and
Mother’s Substance Use
Outcome Variables: Mother Substance Use Measures in Past Month
(1)
Drank Alcohol
(2)
Number of Days
Drank Alcohol
(3)
Binge Drank
(4)
Number of Times
Binge Drank
(5)
Used Marijuana
(6)
Number of Times
Used Marijuana
Twins at first or second birth
0.151**
(0.066)
-0.349
(0.670)
-0.004
(0.040)
-0.069
(0.049)
0.005
(0.030)
0.036
(0.091)
Hispanic
0.014
(0.030)
-0.498*
(0.268)
-0.009
(0.018)
-0.045
(0.045)
-0.013
(0.012)
-0.038
(0.034)
Black
-0.048*
(0.028)
0.151
(0.294)
-0.020
(0.016)
-0.033
(0.045)
-0.006
(0.013)
-0.036
(0.037)
Age
0.490**
(0.195)
3.926*
(2.091)
0.100
(0.099)
0.398
(0.273)
-0.056
(0.059)
-0.149
(0.190)
Age squared
-0.006**
(0.002)
-0.047*
(0.026)
-0.001
(0.001)
-0.005
(0.003)
0.001
(0.001)
0.002
(0.003)
Age at first birth
0.011***
(0.002)
0.123***
(0.029)
-0.000
(0.001)
-0.002
(0.003)
-0.002*
(0.001)
-0.007***
(0.002)
AFQT
0.021***
(0.005)
0.176***
(0.051)
-0.008***
(0.003)
-0.020***
(0.007)
-0.003
(0.002)
-0.006
(0.006)
R-Squared 0.054 0.035 0.007 0.008 0.007 0.008
Mean 0.506 3.103 0.079 0.174 0.035 0.090
Observations 2,519
Notes: Sample is mothers with one or more births. Controls include race, age, age squared, age at first birth, and AFQT.*** p < 0.01, **
p < 0.05, * p < 0.1
Table 1.32: Reduced Form: Relationship Between Same Sex at the First and Second Birth and
Mother’s Substance Use
Outcome Variables: Mother Substance Use Measures in Past Month
(1)
Drank Alcohol
(2)
Number of Days
Drank Alcohol
(3)
Binge Drank
(4)
Number of Times
Binge Drank
(5)
Used Marijuana
(6)
Number of Times
Used Marijuana
Same sex at first and second births
0.021
(0.023)
-0.149
(0.260)
-0.001
(0.012)
-0.021
(0.034)
0.002
(0.009)
0.015
(0.026)
Hispanic
0.013
(0.030)
-0.493*
(0.267)
-0.009
(0.018)
-0.045
(0.044)
-0.013
(0.012)
-0.038
(0.034)
Black
-0.046*
(0.028)
0.150
(0.294)
-0.020
(0.016)
-0.034
(0.045)
-0.006
(0.013)
-0.036
(0.037)
Age
0.493***
(0.195)
3.898*
(2.095)
0.100
(0.099)
0.394
(0.274)
-0.055
(0.058)
-0.146
(0.190)
Age squared
-0.006***
(0.002)
-0.046*
(0.026)
-0.001
(0.001)
-0.005
(0.003)
0.001
(0.001)
0.002
(0.003)
Age at first birth
0.012***
(0.002)
0.122***
(0.028)
-0.000
(0.001)
-0.002
(0.003)
-0.002*
(0.001)
-0.007***
(0.002)
AFQT
0.021***
(0.005)
0.175***
(0.051)
-0.008***
(0.003)
-0.020***
(0.007)
-0.003
(0.002)
-0.006
(0.006)
R-Squared 0.052 0.035 0.007 0.008 0.007 0.008
Mean 0.506 3.103 0.079 0.174 0.05 0.090
Observations 2,519
Notes: Sample is mothers with one or more births. Controls include race, age, age squared, age at first birth, and AFQT.*** p < 0.01, **
p < 0.05, * p < 0.1
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Chapter 2
The Impact of Sibship Size on
Children’s Mental Health
Outcomes
2.1 Introduction
Following the pioneering study by G. Becker and Lewis (1973), a large body of theoretical
research documents the trade-off between child quantity and quality within a family. This theory
states that there is a negative effect of the number of children on each child’s outcomes, given
that limited parental resources are allocated among all children. Several studies have empirically
tested this fertility trade-off with respect to educational and cognitive outcomes and found conflict-
ing results.1 However, much of the existing literature has overlooked an important dimension of
outcomes—childhood mental disorders.
Childhood mental disorders have become important public health issues in the United States,
as mental disorders during childhood have been shown to persist throughout adulthood and interfere
with later health outcomes (Clark et al., 2007; Fergusson et al., 2007; Pine et al., 1998).2 A report
1 See, e.g., Angrist, Lavy, et al. (2010); A˚slund and Gro¨nqvist (2010); Black et al. (2005); Black et al. (2010); Juhn
et al. (2015); Liu (2014); Rosenzweig and Wolpin (1980); Rosenzweig and Zhang (2009).
2 The Centers for Disease Control and Prevention defines childhood mental disorders as all mental disorders that
can be diagnosed and begin in childhood (e.g., depression, anxiety, substance use, and behavior disorders).
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by the National Research Council and Institute of Medicine (2009) estimated that as many as 1 out
of 5 children experience a mental disorder in a given year. Furthermore, an approximate $247 billion
is spent each year in the United States on the management and treatment of childhood mental
disorders. Given the quantity-quality fertility trade-off, theory predicts that a larger number of
siblings could potentially increase a child’s risk of experiencing a mental disorder. The purpose of
this study is to empirically evaluate this trade-off with respect to children’s mental disorders.
Using linked mother-child information from two cohorts of the National Longitudinal Sur-
veys of Youth, this study identifies the impact of sibship size on a child’s mental health. To ad-
dress the well-documented concerns about the endogeneity of parental fertility choices, I utilize a
quasi-experimental research design. The main empirical strategy examines this causal effect using
exogenous variations in sibship size generated by parity-specific twin births and parental preference
for a mixed sex composition of their children. Across all outcome variables, the parameters from
the pooled instrumental variables analysis indicate that an increase in sibship size is detrimental to
a child’s mental health. However, coefficient estimates from this regression provide no significant
evidence of a trade-off between sibship size and a child’s mental health.
This study also makes use of the longitudinal aspects of the dataset to study children’s
mental health after the arrival of younger siblings at later birth parities. When accounting for
child-specific time-constant unobservables, I find that the arrival of a younger sibling is significantly
positively related to an older child’s anxiety and depression symptoms. Furthermore, the birth of
a younger sibling at the second parity is associated with an almost 2 percentage point increase in
a child’s likelihood of receiving help from a psychiatrist in the past year. The positive relationship
between the birth of a younger sibling and childhood mental disorders is larger in magnitude in the
long-term, as compared to a shorter time horizon. An empirical extension on the heterogeneous
effects of the birth of a younger sibling reveals that the detrimental impacts are larger in magnitude
and significance for female and non-black children. Overall, the results from the child fixed effects
regressions show substantial empirical support for the traditional quantity-quality fertility trade-off.
The remainder of the paper proceeds as follows. Section 2.2 briefly summarizes the existing
literature on this topic. In Section 2.3, I discuss a simple theoretical framework of the causal
relationship between sibship size and children’s mental health. Section 2.4 describes the data and
Section 2.5 presents the empirical strategies. The results from these empirical exercises are discussed
in Section 2.6, while extensions to these analyses are shown in Section 2.7. Section 2.8 highlights
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the main findings and concludes the study.
2.2 Previous Research
Given the well-known endogeneity of fertility, the existing literature isolates the causal effect
with widely used instrumental variables for sibship size—twin births and parental preferences for a
mixed gender composition of children. Most prior research on the impact of sibship size has focused
on children’s schooling and cognitive outcomes. The literature on educational outcomes has found
conflicting results. In their seminal work on this topic, Rosenzweig and Wolpin (1980) document
that larger sibship sizes lower average schooling of children in the Indian context. Additional studies
have provided comparable results in China (Liu, 2014; Rosenzweig and Zhang, 2009). According
to U.S.-based results, Ca´ceres-Delpiano (2006) and Conley and Glauber (2006) demonstrate that
children with more siblings have a lower probability of attending private school.
In contrast, other prominent papers report little to no evidence of a quantity-quality trade-
off with respect to education. For example, an influential study by Black et al. (2005) finds that the
inverse relationship between family size and education vanishes after controlling for the child’s birth
order in a Norwegian dataset. Angrist, Lavy, et al. (2010) also use Israelian data to find no causal
effect of family size on schooling.3
The existence of a quantity-quality trade-off concerning education may depend on the in-
stitutional context and country examined. Black et al. (2010) provide suggestive evidence that
the specific cohort and country of study is critical in identifying the quantity-quality trade-off for
children. For instance, the effects may be more evident in developing countries, where the budget
constraint is often binding (Wu and Li, 2012).
Additional studies in this strand of literature document the adverse effects of fertility on
children’s cognitive and non-cognitive outcomes. Multiple researchers provide evidence for the neg-
ative impact of family size on grades and IQ scores (A˚slund and Gro¨nqvist, 2010; Black et al.,
2010). Juhn et al. (2015) use the same dataset at this study to find that increases in family size
decrease childhood performance on cognitive tests and measures of social behavior. Fletcher and
Kim (2019) explore a different non-cognitive trait—specifically, the formation of personality—and
3 More recent studies have explored potential explanations for why the widely-used instrumental variables methods
often find no evidence of fertility effects. Mogstad and Wiswall (2016) contend that a model linear in family size may
mask significant differences in how the trade-off changes for various birth parities.
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provide evidence of a disadvantage of having more than one sibling in the development of personality
traits.
Compared to children’s educational attainment and cognitive abilities, child health has
been given much less attention in the sibship size literature. Moreover, the few empirical studies
focusing on this topic have primarily been based in developing areas (such as Bangladesh, China, and
Indonesia) and produce mixed findings (Dasgupta and Solomon, 2018). Results from a study based in
rural Bangladesh provide little evidence of a trade-off between child quantity and various measures
of children’s health (including BMI, sick days, cold, eye infection, and respiratory and stomach
issues) (Peters et al., 2014). However, using a Chinese dataset, Rosenzweig and Zhang (2009) find
a substantial detrimental impact of the number of siblings on a child’s health (as measured by
the child’s self-assessed health, BMI-for-age, and height-for-age outcomes).4 Millimet and Wang
(2011) employ Indonesian data to find mixed results for sibship size effects on height-for-age and
BMI-for-age binary outcomes.
Using a Swedish dataset, Baranowska-Rataj, de Luna, et al. (2016) and Baranowska-Rataj,
Barclay, et al. (2017) find that growing up in a large family does not have a detrimental impact on
physical health, mental health, or adult mortality. Using the same dataset as this analysis, Dasgupta
and Solomon (2018) find no empirical support for a quantity-quality trade-off of childhood obesity.
This study contributes to the existing quantity-quality fertility literature with respect to various
measures of child health by empirically testing this trade-off in the context of a developed country.
2.3 Theoretical Framework
The causal effect of sibship size on children’s outcomes can be framed using the traditional
quantity-quality (QQ) trade-off theory initially proposed by G. Becker and Lewis (1973). This model
predicts that a larger number of children increases the marginal cost of parental investments, which
in turn influence various dimensions of child quality (Dasgupta and Solomon, 2018).5 According to
this theory’s implications, an increase in the quantity of children will adversely impact each child’s
outcomes, assuming each child’s quality depends on limited parental resources.6
4 It is worth noting that this study uses China’s one-child policy to create an instrument for sibship size.
5 This increase in cost is due to the fact that parents with more children must allocate their limited resources
across a larger number of children.
6 Following Millimet and Wang (2011), I present a simple extension to the traditional QQ trade-off model originally
proposed by G. Becker and Tomes (1976). My theoretical model adjusts this framework by considering health-related
resources and endowments as child quality inputs. The household’s utility function U is given by U = U(n, q, y),
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Based on the QQ fertility model, a larger sibship size is expected to be detrimental for
childhood mental health. Parents with a larger family necessarily face a higher cost of investing in
their children’s health relative to parents with a smaller family. These limited health investments
could plausibly include medical inputs and parental time, among other inputs. However, other
scholars have argued that siblings can be seen as not only competition for parental investments, but
as sources of support (Baranowska-Rataj, de Luna, et al., 2016). For example, siblings may protect
and care for each other, which may be beneficial for mental health (Eriksen and Gerstel, 2002; Moor
and Komter, 2012). Given the opposing effects of these potential explanations, this causal effect is
necessarily an empirical question. This study will use empirical analyses to explore this QQ trade-off
with respect to childhood mental disorders.
2.4 Data
For my analysis, I link mothers’ data from the original cohort of the National Longitudinal
Survey of Youth 1979 (NLSY79) with their children’s information in the NLSY79 Child and Young
Adult Surveys (CYA). The original cohort of the NLSY79 is a nationally representative sample of
respondents ages 14 to 21 at the first interview. After the initial round of the survey was fielded in
1979, annual interviews took place until 1994, while respondents were surveyed biennially after this
time. Children included in the NLSY79 CYA have been surveyed biennially since 1986.
To create a relevant sample for the purpose of my main instrumental variables empirical
analysis, I apply several conditions to the matched mother-child dataset. The relevant conditions
are described in detail in Section 2.5.1. For the main mental health outcome of interest using an
instrumental variables strategy, these restrictions result in a sample of 11,647 child-year observations,
where n represents the number of children, q represents children’s quality, and y represents the consumption of all
other commodities. Child quality q depends on market-purchased health inputs w and the child’s health endowment
θ, as represented by the child quality production function q = q(w, θ). In this equation, each input is assumed to have
a positive marginal product, so qw > 0 and qθ > 0. Following the literature, I will assume that the quality of each
child is the same. Households maximize their utility subject to a budget constraint given by I = wnpw +n pn+ y py ,
where I denotes household income, pw is the price of market-purchased health inputs, pn denotes the cost per
child, and py is the unit price of consumption. Thus, the equilibrium conditions of this maximization problem are
∂U
∂q
= λ pw∂q
∂w
n = λpiq ,
∂U
∂n
= λ (pn + pw w) = λpin,
∂U
∂y
= λ py = λpiy , where pin, piq , and piy are the marginal costs
or shadow prices of child quantity, quality, and consumption, respectively. The term λ in the previous equations
represents the Lagrange multiplier of the optimization problem, also known as the marginal utility of income. These
equilibrium conditions provide the main intuition for the traditional QQ trade-off. Specifically, they imply that the
shadow price of child quality piq is positively associated with child quantity n. This suggests that an exogenous
increase in the quantity of children leads to a rise in the shadow price of child quality, which then lowers the demand
for quality per child. This, as a result, reduces the shadow price of child quantity and further increases the number
of children, leading to the QQ trade-off (Millimet and Wang, 2011).
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which includes 2,763 children. For different empirical analyses, the full sample is subject to additional
modifications, which are discussed in their respective sections.
The NLSY79 CYA contains extensive information about various measures of child mental
health. The Behavioral Problems Index (BPI) contains five items that this study uses to create
an anxious/depressed subscale for children ages 4 to 14. Mothers complete this questionnaire by
reporting how often their child exhibited each behavior in the past three months. The responses to
each item are scored on a scale from 1 to 3—often true, sometimes true, or not true. To create the
subscale, each individual item is first dichotomized and then summed to form a point score ranging
from 0 to 5, with a higher score representing a greater level of anxious/depressed symptoms.7
The additional outcomes of interest in this study include binary indicators for receiving
help from a psychiatrist for behavior problems or violent behavior or temper. At each survey round,
mothers are asked to report if her child made any visits to a psychiatrist for a mental, emotional,
or behavioral problem in the past year. As similar questions are asked when these children become
young adults, this provides a unique opportunity for researchers to analyze mental health challenges
into adulthood.
Descriptive information of all the variables used in my analysis are provided in Table 2.2.8
In the “2+ births sample (only firstborns),” 7.7% of the sample visited a psychiatrist in the past
year, while 0.8% and 1.2% received help for violent temper or behavior problems, respectively.
Considering children’s demographic characteristics, 6.7% of the observations belong to the Hispanic
ethnicity and 13.3% of the sample is black. On average, mothers have their first birth when they
are almost 24 years old.
2.5 Empirical Strategies
My empirical analysis employs a variety of strategies to isolate the relationship between
sibship size and a child’s mental health. First, I estimate a simple pooled ordinary least squares
(OLS) regression given by
(2.1)MentalHealthit = β0 + β1SibshipSizeit + β2Xit + i,
7 In this recoding process, each item answered “not true” is assigned a value of zero, while each item answered
“often true” or “sometimes true” is given a value of one. Table 2.1 lists the questions included in the anxious/depressed
subscale.
8 It is important to note that a child-year is the unit of observation in all of these statistics.
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where MentalHealthit denotes child i’s mental health outcomes at time t, SibshipSizeit is the
number of children in child i’s family at time t, and Xit is a vector of child- and mother-specific
characteristics. The parameter of interest β1 provides the association between the number of children
and a child’s mental disorders.9
For the OLS coefficient of interest to have a causal interpretation, it is necessary that sibship
size is exogenous. However, it is possible that sibship size is correlated with the error term in (2.1).
For example, sibship size is likely significantly associated with unobservable parental characteristics
that also contribute to a child’s health outcomes (Dasgupta and Solomon, 2018; Fletcher and Kim,
2019). Given this concern, estimating (2.1) using OLS techniques for the mental health outcomes
will produced biased estimates of β1.
2.5.1 Instrumental Variable Approach
In order to address the widely cited concerns of omitted variable bias and endogeneity in
estimating fertility effects, I employ a pooled instrumental variables (IV) model given by
(2.2)MentalHealthit = γ0 + γ1 ̂SibshipSizeit + γ2Xit + ηit
(2.3)SibshipSizeit = α0 + α1Zit + α2Xit + µit,
where Zit is the parity-specific twin birth (twins at the second or third birth) or same-sex composition
(at the first and second births) instruments for child i at time t. The other covariates in the model
are defined similarly to those in (2.1). The twin at the second birth instrument is a binary indicator
equal to one if the family’s second birth was a twin birth and zero otherwise. The twin at the third
birth instrument is similarly constructed if the family had twins at the third birth. The same-sex
composition instrument is a dummy equal to one if a family’s first two children are of the same
sex and zero otherwise. For all pooled IV regressions, I estimate a two-stage least squares (2SLS)
model.10
Parity-specific twin births were initially proposed by Rosenzweig and Wolpin (1980) as a
quasi-experiment that exogeneously increases sibship size. Angrist and Evans (1998) introduced
9 As a robustness check, I also estimate a probit regression for the three binary mental health outcomes. Results
from these strategies are presented in Tables 2.13 and 2.14, where the former uses the sample of non-twin firstborn
children in families with at least two children and the latter uses the full sample. Across all instruments, the parameter
estimates are similar in magnitude and significance.
10 As a robustness check, I also estimate an IV probit regression for the three binary mental health outcomes.
Results from these strategies are presented in Tables 2.15 to 2.17. Across all instruments, the parameter estimates
are similar in magnitude and significance.
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the sex composition of the first two children in a family as another source of variation in sibship
size. According to evidence from Ben-Porath and Welch (1976) and Bu¨tikofer (2010), families are
more likely to have another child if they first have two children of the same sex. These instruments
are grounded on the assumptions that parity-specific twin births and children’s sex are randomly
determined.
The relevant samples using the parity-specific twin birth instrument are restricted to include
only families with at least n births and examine the outcomes of children born prior to the nth
birth.11 This study provides results when n is valued at 2 or 3. Following the literature using this
empirical strategy, I also exclude respondents who are themselves a twin from the full sample. This
is necessary because twins are often born with weaker endowments and have systematically different
quality outcomes than their non-twin siblings (Bhalotra and Clarke, 2016).
The pooled IV regressions include a variety of relevant child- and mother-specific observable
characteristics. The child-level dummy variables include sex and race, along with a control for the
child’s age and age squared. The mother-specific controls are mother’s age at the survey date, age
at her first birth, educational attainment, employment status, and an assessment of general physical
health.12
The local average treatment effect (LATE) is obtained by estimating (2.2) and (2.3) using
the two instruments (Imbens and Angrist, 1994). The parameter estimate γ1 properly identifies
the causal effect of sibship size on a child’s mental health. It is noteworthy that the parity-specific
twin birth and same-sex instruments each capture a different source of sibship size variation. The
instruments estimate the LATE for a different group of compliers, which represent a specific subset
of the population. Thus, obtaining qualitatively similar findings using these different identification
strategies provides evidence in support of their internal validity (Black et al., 2010; Cobb-Clark and
Moschion, 2013).
The next empirical approach takes advantage of the panel aspect of the NLSY79 by esti-
mating an IV model with child fixed effects (FE IV). This specification is identified by time-variant
11 By only including families with at least n births, we are not concerned that families with more children are more
likely to have a twin birth. Additionally, average preferences over the number of children are identical in families
with a singleton or twins at the nth birth. By assessing the outcomes of children born before birth n, we need not be
concerned that a twin birth both increases sibship size and shifts downward the birth order of all children born after
the twins. This also eliminates any selection issues if families that go on to have another child after a singleton are
different than families that go on to have another child after a twin birth (Black et al., 2005).
12 This assessment of general health, collected by the short-form 12-question (SF-12), is a brief inventory of a
mother’s self-reported physical health. The score can range from 0 to 100, where respondents with a score above 50
have better health than the typical person in the general U.S. population.
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sources of plausibly exogenous variations in fertility to estimate the causal impact of sibship size on
a child’s mental health outcomes.
2.5.2 Child Fixed Effects Approach
While any endogeneity issues are accounted for by using an IV technique, there are concerns
with using the parity-specific twin birth instrument. First, the small sample size of mothers with
parity-specific twin births restricts my ability to estimate the sibship size effect with precision (Juhn
et al., 2015). Further, the exclusion restriction may be violated if twins directly impact their siblings
through the close birth spacing (Angrist, Lavy, et al., 2010). Rosenzweig and Zhang (2009) raised
additional concerns that twins are more likely to have lower average weight than singletons, which
may be detrimental to health and cognitive abilities later in life. In response to the poorer health
of twins, parents may instead allocate resources to their singleton children. There also may be
heterogeneous impacts of an increase in sibship size for children with more siblings versus those with
fewer siblings (Dasgupta and Solomon, 2018).
Given these potential issues with the IV approach, I use the longitudinal aspect of the
NLSY79 to obtain estimates using child fixed effects. This empirical specification captures how a
child’s mental health varies with the arrival of siblings by controlling for child-specific time-constant
characteristics that may be correlated with sibship size and also affect a child’s mental health
outcomes.13
The child fixed effects model is
(2.4)MentalHealthipt = φ0 + φ1Afteript + φ2Xit + λi + ξipt,
where MentalHealthipt denotes child i’s mental health outcomes with a sibling at birth parity p
at time t, Afteript is a binary indicator equal to one if child i has a sibling with birth parity p at
time t and zero otherwise, Xit is a vector of time-varying characteristics at time t (child i’s age, age
squared, and mother’s age), and λi is a child fixed effect. The coefficient of interest φ1 captures the
effect of having an additional younger sibling on the older child’s mental health. This analysis will
examine the second and third birth parities. The corresponding samples for these specifications are
all older children whose mother will have a birth at the second and third parities, respectively.
13 Although the average treatment effects (ATEs) estimated in this analysis are not comparable to the IV LATEs,
this analysis helps us further examine the relevance of the traditional QQ trade-off in this scenario.
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As suggested in Juhn et al. (2015), we may hypothesize that the substantial negative impacts
of an expansion in sibship size will weaken as time passes and the household adjusts to this change.
If this is true, the birth of another child acts as a disruptive, but temporary, shock to the household.
To perform this analysis, I modify (2.4) to include two indicators to identify both a short-run effect
(defined to be from 0 to 3 years after child i’s younger sibling at parity p is born) and a long-run
effect (defined to be 3 or more years after).
Given the panel nature of the NLSY79 CYA dataset, it is possible for researchers to exam-
ine alterations in childhood mental disorders after successive births of younger siblings. Following
Dasgupta and Solomon (2018), I modify (2.4) and incorporate a few binary variables to indicate
successive births of younger siblings.
The modified child fixed effects model is
(2.5)MentalHealthikt = ρ0 +
N∑
k=1
βkAfterikt + ρ1Xit + λi + ζikt,
where Afterikt is a binary indicator equal to one after the birth of child i’s younger sibling at birth
parity k and zero after the next sibling is born. In particular, for each child i this model identifies
changes in i’s mental health outcomes following the birth of each younger sibling, from the first up
to the N th parity (where N denotes the sibship size of child i). All βk terms are the estimates of
the impacts of the birth of successive younger siblings. This analysis will examine the effects of the
arrival of younger siblings at the first, second, and third or more birth parities.14
2.6 Results
Table 2.3 presents the baseline OLS parameter estimates of the simple correlation between
sibship size and a child’s mental health outcomes. The coefficients suggest that an increase in sibship
size has an inverse relationship with a child’s anxious/depressed index and the likelihood of visiting a
psychiatrist. However, the sibship size variable is not significantly associated with any of the mental
health outcomes. Given the concerns with OLS highlighted in Section 2.5, these findings represent
correlational estimates.15
14 My analysis is restricted to these parities due to the small sample size of births at higher birth parities (Dasgupta
and Solomon, 2018).
15 The OLS results using the full sample are provided in Table 2.18. The unit of observation for these regressions
is a child-year.
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2.6.1 IV Results
To account for the endogeneity of sibship size, this section presents the main findings using
both parity-specific twin births and the same-sex composition instruments. Table 2.4 shows the
sibship size effects on a child’s anxious/depressed index obtained from the 2SLS regressions using
both instruments. The coefficients in Columns (7) and (8) employ both the second parity twin birth
instrument and same-sex composition instruments in the model. In this analysis, both instruments
generate random variation in sibship size for the third birth onwards. The p-value of the relevant
Sargan-Hansen statistic estimated from the combined IV analysis is reported in the bottom panel
of the table. The IV results tables for all of the mental health outcomes will be structured in this
way—showing three different samples, with IV and FE IV coefficients for each relevant sample. In
this section, I will discuss the findings of the pooled IV specification in (2.2) and (2.3). Section 2.6.2
will explore the IV results after adding fixed effects.
To properly identify the causal effects of sibship size, the two instruments must strongly
predict the number of children. The first-stage coefficients in Tables 2.4 to 2.7 are positive and
significant at the 1% level. The coefficient in Column (1) of Table 2.4 suggests that having a
twin birth at the second birth increases sibship size by about 0.83 children.16 In Column (5), the
first-stage coefficient on the same-sex composition instrument is about 0.25. The large F-statistics
reported at the bottom of the table support the empirical validity of the instruments.17
After accounting for the selection inherent in fertility decisions, the pooled IV estimates in
Columns (1), (3), (5), and (7) of Tables 2.4 to 2.7 are positive in direction. The coefficient in Column
(5) of Table 2.4 indicates that an increase in sibship size induced by parental preferences for a mixed
gender composition leads to a 0.15 percentile point rise in a child’s anxious/depressed subscale
score. Relative to the standard deviation of this index (1.46), this accounts for more than a tenth
of a standard deviation increase. The parameter estimate using both instruments simultaneously in
Column (7) also shows that an increase in the number of siblings is detrimental for a child’s anxiety
and depression symptoms. The Sargan-Hansen statistic suggests that the exclusion restriction is not
violated.18
16 According to O¨berg (2018), the first-stage coefficient is generally between 0.7 and 0.8 in present-day samples.
17 Staiger and Stock (1997) suggest that an F-statistic greater than 10 signifies a low probability of small sample
bias in the estimates.
18 The null hypothesis of this test assumes that sibship size can be treated as exogenous. The test statistic is
distributed as χ2 with one degree of freedom. Because the χ2 value is statistically insignificant, this provides evidence
that the instruments are valid and uncorrelated with the error term.
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Across all mental health outcomes, I do not find any significant causal effect of sibship size
using a pooled IV regression analysis. Additionally, the corresponding Hausman test statistics pro-
vide evidence that the pooled IV estimates are not significantly different from the OLS estimates.19
The OLS findings summarized in Section 2.6 are in accordance with the pooled IV results, which gen-
erally show that random shocks to sibship size do not have a substantial impact on childhood mental
disorders. Thus, these results do not provide any significant empirical support for the traditional
QQ trade-off with respect to child mental health.
2.6.2 IV Results with Child Fixed Effects
Along with the pooled IV results, Tables 2.4 to 2.7 report findings from the FE IV regres-
sions. Table 2.4 presents the impact of exogenous variations in sibship size on a child’s anxiety and
depression symptoms. In accordance with the pooled IV estimates, there is evidence that a higher
number of siblings causes a higher anxious/depressed subscale score. However, the instruments gen-
erating variation in the number of children at the third birth parity seem to generate a stronger
effect of sibship size on a child’s mental health outcomes. The second-stage coefficient in Column
(8) indicates that an increase in the number of children induced by either instrument leads to a 0.29
percentile point increase in a child’s anxious/depressed index. Given that the standard deviation
of this subscale is 1.45, this translates into an increase of two-tenths of a standard deviation. The
Sargan-Hansen statistic is 0.365, which provides evidence in support of the exclusion restriction for
the instruments.
Table 2.5 presents the results of the FE IV analysis using the likelihood of visiting a psychi-
atrist in the past year as the dependent variable. Using all instruments, the coefficients are positive
in direction, indicating that an increase in the number of siblings makes it more likely that a child
received help from a psychiatrist in the past year. The parameter estimate in Column (8) shows
that exogenous variation in sibship size caused by a twin birth or parental preference for a mixed
gender composition increases a child’s likelihood of visiting a psychiatrist by 3.4 percentage points.
Relative to the baseline sample mean, this corresponds to a 44.7% increase in the odds that a child
received help from a psychiatrist in the past year and is significant at the 1% level.
Tables 2.6 and 2.7 include the FE IV findings for the sibship size effects on a child’s prob-
ability of receiving help for violent behavior or general behavior problems. Although the effects of
19 All Hausman test statistics report the test of the null hypothesis that the OLS and 2SLS coefficients are identical.
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sibship size on the likelihood of getting help for violent behavior are generally insignificant and small
in magnitude, the parameter estimates for behavior problems are substantial and large in size.
The FE IV findings provide interesting insights about the critical margin for sibship size
effects on a child’s mental health. In general, a child at the third birth parity resulting from a
twin birth or parental preferences for a mixed sex composition leads to a substantial increase in
a child’s anxious/depressed index and likelihood of visiting a psychiatrist. However, there does
not appear to be a significant effect at the fourth birth parity using the third twin instrument.
Given that the instruments identify different LATEs, these results show suggestive evidence that
the strongest effects of sibship size are observed at the third birth parity. It is likely that this is
the relevant margin for these substantial impacts. In addition, it is convincing that two instruments
with different interpretations provide qualitatively similar results. This provides an extra level of
confidence in the validity of the estimates.
2.6.3 Child Fixed Effects Results
The child fixed effects estimates identify the impact of the birth of a younger sibling on
the older sibling’s substance use outcomes. The estimates in Column (2) of Table 2.8 report the
average change in outcomes of the oldest child after the second child is born. The results in Panel A
show that the birth of a younger sibling is detrimental for an older sibling’s anxiety and depression
symptoms. The anxious/depressed index increases by about 0.3 percentile points after the arrival of
a younger sibling, which accounts for two-tenths of a standard deviation increase. The arrival of a
younger sibling is not only related to an increase in the general likelihood of visiting a psychiatrist,
but also associated with a rise in the probability of receiving help for violent temper or behavior
problems, by 0.7 and 0.8 percentage points, respectively.
The parameter estimates in Column (3) of Table 2.8 present the short-term and long-term
effects of the birth of a younger sibling at the second parity on measures of childhood mental
disorders. Across all outcomes, the positive association between the birth of a younger sibling and
these measures is larger in magnitude in the long-term. It appears that the impacts worsen over the
longer horizon, which provides evidence in opposition to the idea that the fertility shock is transitory.
Table 2.9 shows the corresponding child fixed effects estimates at the third birth parity.
Compared to the coefficients at the second birth parity, the results for the anxious/depressed index
remain highly significant and large in magnitude. However, while the remaining psychiatrist visit
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and behavior problems outcomes are still positive in direction, they become smaller in size and
significance. When examining the differences between the effects according to the time horizon, we
see a similar pattern to the results in Table 2.8 at the second birth parity. In general, the strong
relationship between the birth of a younger sibling and childhood mental disorders falls in magnitude
when considering a shorter time period.
Table 2.10 reports the regression results from estimating (2.5), which evaluates the rela-
tionship between the parity-specific births of younger siblings and the older siblings’ mental health
outcomes. Overall, the parameter estimates suggest that the detrimental relationship between an in-
crease in sibship size and childhood mental disorders is substantially larger for the birth of a younger
sibling at the second parity. For instance, the findings in Panel B show that the arrival of a younger
sibling at the first, second, and third parities is associated with a 1.8, 2.7, and 1.9 percentage point
rise in the likelihood of visiting a psychiatrist, respectively. The coefficients reported in the other
panels reveal similar patterns in their magnitude and significance according to the arrival of younger
siblings at particular birth parities.
In general, the fixed effects analyses provide evidence that the arrival of a younger sibling at
the second birth parity is related to more anxiety and depression symptoms, along with an increased
likelihood of visiting a psychiatrist for the older child. Although the pooled IV results do not identify
a substantial causal effect, they remain positive in direction. It is crucial to note that the IV and
child fixed effects specifications identify the effects of a change in sibship size at various margins.
The differences between the pooled IV and panel data analyses are presumably a result of the model
specifications (Dasgupta and Solomon, 2018).
2.7 Extensions
2.7.1 Endogenous Changes in Sibship Size
It is possible that children’s mental health outcomes affect parental decisions on whether and
when to expand their family size. For instance, the presence of older children that have favorable
mental health outcomes may incentivize parents to have more children (Dasgupta and Solomon,
2018). A further concern is that parents anticipate fewer resources to invest in older children in
the future, so they make compensatory investments in older children before having another birth
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(Juhn et al., 2015). If this happens, the parental investments prior to an additional childbirth would
have a temporary increase, thus improving an older child’s mental health outcomes. This upsurge
would then exaggerate the decline in parental investments post-childbirth, leading to a substantial
detrimental impact on an older child’s outcomes. Although the fixed effects results reported in
Section 2.6.3 account for all time-constant child-specific unobservables, they do not control for
endogenous birth timing.
Following the empirical methods of Juhn et al. (2015) and Dasgupta and Solomon (2018), I
perform an event study to determine if there are any apparent pre-trends in mental health outcomes
prior to the birth of an additional child. In particular, I estimate coefficients on binary indicators
for the years before and after the birth of a younger sibling.
The estimating equation is
(2.6)MentalHealthijt = δ0 +
−1∑
m=−4
σmT
m
ijt +
4∑
m=1
σmT
m
ijt + δ1Xit + λi + υijt,
where Tmijt is a binary indicator equal to one if year t is m years in comparison to the birth year of
the next younger sibling at parity j (Dasgupta and Solomon, 2018). I examine outcomes up to 4
years prior to and up to 4 years after the younger sibling’s birth, where the birth year is the omitted
category. This analysis will explore the mental health outcomes of firstborns before and after the
birth of the next younger sibling.
The resulting point estimates from this extension are reported in Table 2.11. In general, the
coefficients for the mental health dummies before the arrival of a younger sibling are statistically
insignificant.20 This simple analysis provides evidence against the existence of pre-trends that may
bias my results.
2.7.2 Heterogeneous Effects by Child’s Characteristics
It is possible that the findings discussed above are masking substantial differences in the im-
pact of an additional child across children of various characteristics. To identify these heterogeneous
effects, I interact the child’s sex and race with the After binary indicator in (2.4).
Table 2.12 reports the sibship size effects separately by the child’s sex and race. The results
are strikingly different when decomposed by sex. The detrimental impacts on a child’s anxiety and
20 The only exceptions to this are the significant decreases in the likelihood of receiving help for violent behavior
or general behavior problems in the two years before the younger sibling’s birth.
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depression symptoms are large in magnitude and highly significant for females. In contrast, male
children actually experience improvements in their anxious/depressed index, although the size of
the effect is smaller. The findings in Panel B with respect to visiting a psychiatrist show a similar
relationship. Furthermore, the sibship size effect on receiving help for behavioral problems is larger
for female children.
The table also reveals heterogeneous impacts by child’s race. It appears that non-black
children experience substantial increases in their anxious/depressed scores, while black children even
see improvements in these symptoms following the birth of a younger sibling. For the remaining
mental health outcomes, the effect is large in size and significant for non-black children.
2.8 Discussion and Conclusions
Although there is a well-documented theoretical trade-off between the quantity and quality
of children, there is conflicting empirical evidence of this causal effect. Using matched mother-child
data from the NLSY79 and a variety of empirical strategies, I examine the causal impact of the num-
ber of siblings on various dimensions of a child’s mental health—including their anxious/depressed
subscale index and probability of visiting a psychiatrist for various mental disorders.
Using the detailed information on mothers and their children in the NLSY79, this study
employs both IV and fixed effects strategies to control for omitted factors. The coefficients from the
pooled IV estimation, although positive in direction, do not document a significant trade-off between
sibship size and a child’s mental health outcomes. According to the results with child fixed effects,
after the birth of a younger sibling, older children experience a substantial rise in their anxiety and
depression symptoms. A similar effect is uncovered with respect to visiting a psychiatrist in general,
along with receiving help for violent temper. These impacts are even larger in magnitude for female
and non-black children.
It is important to consider the potential limitations of the empirical approaches used in
this study. First, it is challenging to estimate the sibship size effect with precision due to the
limited sample size of parity-specific twin births in the NLSY sample (Juhn et al., 2015). Second,
the IV estimates only generate parameter estimates of the causal effect for a certain subset of the
population—a group called the compliers (Cobb-Clark and Moschion, 2013). Thus, the results using
the twin birth IV are relevant for families with additional children because of twinning who would
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not have expanded their family otherwise. In a similar manner, the same-sex composition instrument
findings only apply to families who went on to have another child due to the same gender of their
first two children, but would not have done so otherwise (Cobb-Clark and Moschion, 2013).21
One part of the traditional QQ trade-off that has not been fully explored by prior studies
is the exact channel through which this impact operates (Juhn et al., 2015). This analysis is among
the first to empirically evaluate the causal impact of sibship size on children’s mental health in a
developed country. The majority of existing studies have examined adult outcomes, while the limited
analyses on child health outcomes are based in developing countries (Dasgupta and Solomon, 2018).
While this study provides suggestive evidence that a higher number of siblings increases a child’s
anxious/depressed index and probability of visiting a psychiatrist, future research will benefit from
uncovering the mechanisms underlying this causal effect.
21 In this strict LATE interpretation, the coefficient does not apply to families with one child, two children, or even
those who have three children but have one female and one male for their first two births (Conley and Glauber, 2006).
62
Table 2.1: Anxious/Depressed Subscale Questions
Anxious/Depressed Subscale (based on the Behavior Problems Index (BPI))
Definition: Sum over the following 5 variables after dichotomization.
Original coding of responses: 1 = Often true, 2 = Sometimes true, 3 = Not true.
Dichotomized coding of responses: Each item answered “not true” is given a value of 0, each item
answered “often true” or “sometimes true” is given a value of 1.
Question: How often is it true that your child exhibited these symptoms during the past three months?
(1) Has sudden changes in mood or feeling.
(2) Feels/complains no one loves him/her.
(3) Is too fearful or anxious.
(4) Feels worthless or inferior.
(5) Is unhappy, sad or depressed.
Notes: This table highlights the 5-item anxious/depressed subscale used in the NLSY79 CYA.
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Table 2.2: Summary Statistics
2+ Births Sample
(Only Firstborns)
3+ Births Sample
(Only First and
Secondborns)
2+ Births Sample
(Only First and
Secondborns)
Mean
(S.D.)
Mean
(S.D.)
Mean
(S.D.)
Mental Health Outcomes
Anxious/Depressed subscale
1.733
(1.488)
1.660
(1.468)
1.609
(1.456)
Probability of
visiting psychiatrist
0.077
(0.266)
0.074
(0.262)
0.076
(0.265)
Probability of getting
help for violent behavior
0.008
(0.097)
0.010
(0.115)
0.008
(0.104)
Probability of getting
help for behavior problems
0.012
(0.116)
0.012
(0.115)
0.012
(0.116)
Child Characteristics
Male
0.514
(0.500)
0.517
(0.500)
0.519
(0.500)
Hispanic
0.067
(0.250)
0.084
(0.277)
0.067
(0.250)
Black
0.133
(0.340)
0.170
(0.376)
0.137
(0.344)
Current Age
9.082
(3.454)
9.059
(3.429)
8.581
(3.629)
Mother Characteristics
Mother’s current age
33.639
(5.379)
35.161
(5.792)
35.161
(5.792)
Mother’s age at first birth
23.773
(5.128)
23.589
(5.111)
23.589
(5.111)
Mother completed less
than high school
0.104
(0.305)
0.104
(0.305)
0.104
(0.305)
Mother completed high
school or some college
0.668
(0.471)
0.673
(0.469)
0.673
(0.469)
Mother currently employed
0.659
(0.474)
0.682
(0.466)
0.682
(0.466)
Mother’s general health
52.028
(8.431)
51.941
(8.491)
51.941
(8.491)
Family Characteristics
Number of children
2.361
(0.010)
2.449
(0.804)
2.449
(0.804)
Twins at second birth
0.010
(0.099)
0.005
(0.070)
0.005
(0.070)
Twins at third birth
0.003
(0.053)
0.001
(0.038)
0.001
(0.038)
Same sex at first
and second birth
0.427
(0.495)
0.443
(0.497)
0.443
(0.497)
Number of Children 2,763 2,675 5,461
Observations 11,647 11,275 23,495
Notes: “2+ births sample (only firstborns)” includes non-twin firstborn children in families with at least two children, “3+ births sample
(only first and secondborns)” includes non-twin first- and secondborn children in families with at least three children, and “2+ births sample
(only first and secondborns)” includes non-twin first- and secondborn children in families with at least two children. Statistics in the bottom
three panels and the number of children and observations are based on the relevant sample for the anxious/depressed subscale outcome.
Statistics calculated using NLSY79 sampling weights.
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Table 2.3: OLS: Relationship Between Sibship Size and Child’s Mental Health Outcomes
Outcome Variables: Mental Health Measures
(1)
Anxious/Depressed
Subscale
(2)
Visited Psychiatrist
(3)
Violent Behavior
(4)
Behavior Problems
Sibship size
-0.011
(0.023)
-0.001
(0.002)
-0.000
(0.001)
0.001
(0.001)
Male
-0.060
(0.042)
-0.014**
(0.004)
0.002*
(0.001)
0.008***
(0.002)
Hispanic
-0.153***
(0.055)
-0.012*
(0.006)
-0.001
(0.002)
-0.003
(0.002)
Black
-0.170***
(0.051)
-0.032***
(0.005)
-0.001
(0.001)
-0.002
(0.002)
Age
0.079***
(0.019)
0.001
(0.001)
0.000
(0.000)
-0.000
(0.000)
Age squared
-0.005***
(0.001)
-0.000***
(0.000)
-0.000***
(0.000)
-0.000***
(0.000)
Mother’s age
0.041***
(0.012)
0.005***
(0.001)
0.001**
(0.000)
0.000
(0.000)
Mother’s age at first birth
-0.000***
(0.000)
-0.004***
(0.001)
-0.001**
(0.000)
-0.001
(0.001)
Mother completed less
than high school
0.277***
(0.085)
-0.011
(0.009)
0.005
(0.004)
0.008**
(0.004)
Mother completed high
school or some college
0.148**
(0.062)
0.002
(0.006)
0.003*
(0.002)
0.005**
(0.002)
Mother employed
-0.011
(0.037)
-0.003
(0.004)
-0.003*
(0.002)
-0.000
(0.002)
Mother’s general health
-0.013***
(0.003)
-0.002***
(0.000)
-0.001***
(0.000)
-0.000***
(0.000)
Number of Children 2,763 2,770 2,765 2,770
Observations 11,647 27,388 25,666 27,125
Notes: Sample is non-twin firstborn children in families with at least two children. Controls include child’s sex, race, age, age squared,
mother’s age, age at first birth, educational attainment, employment status, and self-assessed general health measure.
*** p < 0.01, ** p < 0.05, * p < 0.1
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Table 2.4: IV and FE IV: Effects of Sibship Size on Child’s Anxious/Depressed Subscale
Outcome Variable: Anxious/Depressed Subscale
2+ Births Sample
(Only Firstborns)
3+ Births Sample
(Only First
and Secondborns)
2+ Births Sample
(Only First
and Secondborns)
Second Twin Instrument Third Twin Instrument Same Sex Instrument Combined Instruments
(1)
IV
(2)
FE IV
(3)
IV
(4)
FE IV
(5)
IV
(6)
FE IV
(7)
IV
(8)
FE IV
Second Stage
Sibship Size
0.001
(0.273)
0.416***
(0.063)
0.137
(0.151)
0.038
(0.158)
0.146
(0.119)
0.277***
(0.085)
0.104
(0.112)
0.289***
(0.075)
First Stage
IV: Twins at Second Birth
0.827***
(0.073)
1.836***
(0.161)
0.775***
(0.075)
1.718***
(0.270)
IV: Twins at Third Birth
1.414***
(0.138)
1.518***
(0.029)
IV: Same Sex at First
and Second Births
0.248***
(0.020)
0.927***
(0.024)
0.250***
(0.020)
0.910***
(0.024)
Mean 1.733 1.729 1.660 1.660 1.609 1.607 1.609 1.607
F-Statistic 121.481 180.148 110.804 2706.367 151.370 1440.695 127.436 917.194
Hausman 0.970 0.295 0.195
Sargan-Hansen Statistic 0.417 0.365
Number of Children 2,763 3,038 2,675 2,905 5,461 5,851 5,461 5,851
Observations 11,647 12,609 11,275 12,113 23,495 24,987 23,495 24,987
Notes: “2+ births sample (only firstborns)” (columns (1)-(2)) includes non-twin firstborn children in families with at least two children, “3+
births sample (only first and secondborns)” (columns (3)-(4)) includes non-twin first- and secondborn children in families with at least three
children, and “2+ births sample (only first and secondborns)” (columns (5)-(8)) includes non-twin first- and secondborn children in families
with at least two children. Controls in “IV” regressions include child’s sex, race, age, age squared, mother’s age, age at first birth, educational
attainment, employment status, and self-assessed general health measure. Controls in “FE IV” regressions include child’s age, age squared, and
mother’s age. Robust standard errors are clustered at the child level.
*** p < 0.01, ** p < 0.05, * p < 0.1
Table 2.5: IV and FE IV: Effects of Sibship Size on Child’s Probability of Visiting Psychiatrist
Outcome Variable: Probability of Visiting Psychiatrist
2+ Births Sample
(Only Firstborns)
3+ Births Sample
(Only First
and Secondborns)
2+ Births Sample
(Only First
and Secondborns)
Second Twin Instrument Third Twin Instrument Same Sex Instrument Combined Instruments
(1)
IV
(2)
FE IV
(3)
IV
(4)
FE IV
(5)
IV
(6)
FE IV
(7)
IV
(8)
FE IV
Second Stage
Sibship Size
0.030
(0.033)
0.058**
(0.026)
0.002
(0.023)
0.059
(0.038)
0.000
(0.016)
0.031***
(0.012)
0.010
(0.015)
0.034***
(0.011)
First Stage
IV: Twins at Second Birth
0.757***
(0.089)
1.993***
(0.181)
0.750***
(0.093)
1.922***
(0.290)
IV: Twins at Third Birth
0.947***
(0.151)
1.647***
(0.074)
IV: Same Sex at First
and Second Births
0.193***
(0.024)
1.003***
(0.037)
0.196***
(0.024)
0.991***
(0.037)
Mean 0.077 0.076 0.074 0.074 0.076 0.076 0.076 0.076
F-Statistic 197.091 345.602 133.421 346.342 581.489 729.509 390.460 368.662
Hausman 0.327 0.998 0.971
Sargan-Hansen Statistic 0.290 0.397
Number of Children 2,770 2,939 2,688 2,839 5,490 5,782 5,490 5,782
Observations 27,388 28,385 26,632 27,555 53,001 54,750 53,001 54,750
Notes: “2+ births sample (only firstborns)” (columns (1)-(2)) includes non-twin firstborn children in families with at least two children, “3+
births sample (only first and secondborns)” (columns (3)-(4)) includes non-twin first- and secondborn children in families with at least three
children, and “2+ births sample (only first and secondborns)” (columns (5)-(8)) includes non-twin first- and secondborn children in families
with at least two children. Controls in “IV” regressions include child’s sex, race, age, age squared, mother’s age, age at first birth, educational
attainment, employment status, and self-assessed general health measure. Controls in “FE IV” regressions include child’s age, age squared, and
mother’s age. Robust standard errors are clustered at the child level.
*** p < 0.01, ** p < 0.05, * p < 0.1
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Table 2.6: IV and FE IV: Effects of Sibship Size on Child’s Probability of Getting Help for
Violent Behavior
Outcome Variable: Probability of Getting Help for Violent Behavior
2+ Births Sample
(Only Firstborns)
3+ Births Sample
(Only First
and Secondborns)
2+ Births Sample
(Only First
and Secondborns)
Second Twin Instrument Third Twin Instrument Same Sex Instrument Combined Instruments
(1)
IV
(2)
FE IV
(3)
IV
(4)
FE IV
(5)
IV
(6)
FE IV
(7)
IV
(8)
FE IV
Second Stage
Sibship Size
0.010
(0.010)
0.031
(0.027)
0.011
(0.018)
0.009
(0.006)
0.004
(0.006)
0.009*
(0.005)
0.006
(0.005)
0.011**
(0.006)
First Stage
IV: Twins at Second Birth
0.752***
(0.092)
2.056***
(0.186)
0.751***
(0.096)
1.955***
(0.331)
IV: Twins at Third Birth
0.930***
(0.153)
1.652***
(0.079)
IV: Same Sex at First
and Second Births
0.189***
(0.025)
0.999***
(0.038)
0.192***
(0.025)
0.986***
(0.039)
Mean 0.008 0.008 0.010 0.010 0.008 0.008 0.008 0.008
F-Statistic 179.857 314.654 121.390 317.501 509.378 676.798 346.803 337.319
Hausman 0.261 0.484 0.563
Sargan-Hansen Statistic 0.536 0.354
Number of Children 2,765 2,924 2,684 2,827 5,481 5,751 5,481 5,751
Observations 25,666 26,559 24,894 25,717 49,321 50,862 49,321 50,862
Notes: “2+ births sample (only firstborns)” (columns (1)-(2)) includes non-twin firstborn children in families with at least two children, “3+
births sample (only first and secondborns)” (columns (3)-(4)) includes non-twin first- and secondborn children in families with at least three
children, and “2+ births sample (only first and secondborns)” (columns (5)-(8)) includes non-twin first- and secondborn children in families
with at least two children. Controls in “IV” regressions include child’s sex, race, age, age squared, mother’s age, age at first birth, educational
attainment, employment status, and self-assessed general health measure. Controls in “FE IV” regressions include child’s age, age squared, and
mother’s age. Robust standard errors are clustered at the child level.
*** p < 0.01, ** p < 0.05, * p < 0.1
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Table 2.7: IV and FE IV: Effects of Sibship Size on Child’s Probability of Getting Help for
Behavior Problems
Outcome Variable: Probability of Getting Help for Behavior Problems
2+ Births Sample
(Only Firstborns)
3+ Births Sample
(Only First
and Secondborns)
2+ Births Sample
(Only First
and Secondborns)
Second Twin Instrument Third Twin Instrument Same Sex Instrument Combined Instruments
(1)
IV
(2)
FE IV
(3)
IV
(4)
FE IV
(5)
IV
(6)
FE IV
(7)
IV
(8)
FE IV
Second Stage
Sibship Size
0.004
(0.007)
0.006
(0.012)
0.008
(0.011)
0.008***
(0.003)
0.000
(0.006)
0.016***
(0.004)
0.001
(0.005)
0.013***
(0.004)
First Stage
IV: Twins at Second Birth
0.758***
(0.090)
1.990***
(0.183)
0.752***
(0.094)
1.924***
(0.290)
IV: Twins at Third Birth
0.939***
(0.152)
1.655***
(0.076)
IV: Same Sex at First
and Second Births
0.192***
(0.024)
0.999***
(0.036)
0.195***
(0.024)
0.988***
(0.036)
Mean 0.012 0.012 0.012 0.012 0.012 0.012 0.012 0.012
F-Statistic 196.166 348.693 129.977 340.981 568.477 775.561 383.634 389.579
Hausman 0.480 0.457 0.937
Sargan-Hansen Statistic 0.679 0.572
Number of Children 2,770 2,933 2,687 2,835 5,489 5,774 5,489 5,774
Observations 27,125 28,099 26,361 27,261 52,529 54,242 52,529 54,242
Notes: “2+ births sample (only firstborns)” (columns (1)-(2)) includes non-twin firstborn children in families with at least two children, “3+
births sample (only first and secondborns)” (columns (3)-(4)) includes non-twin first- and secondborn children in families with at least three
children, and “2+ births sample (only first and secondborns)” (columns (5)-(8)) includes non-twin first- and secondborn children in families
with at least two children. Controls in “IV” regressions include child’s sex, race, age, age squared, mother’s age, age at first birth, educational
attainment, employment status, and self-assessed general health measure. Controls in “FE IV” regressions include child’s age, age squared, and
mother’s age. Robust standard errors are clustered at the child level.
*** p < 0.01, ** p < 0.05, * p < 0.1
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Table 2.8: Child Fixed Effects: Effect of Birth of a Younger Sibling on Mental Health Outcomes
at the Second Birth Parity
(1)
OLS
(2)
Child
Fixed Effects
(3)
Child
Fixed Effects
Panel A. Anxious/Depressed Subscale
After next younger sibling
0.184***
(0.055)
0.291***
(0.055)
Short run (0-3 years after)
0.286***
(0.057)
Long run (3+ years after)
0.291***
(0.070)
Number of Children 3,337
Observations 13,191
Panel B. Visited Psychiatrist
After next younger sibling
0.011
(0.007)
0.019**
(0.009)
Short run (0-3 years after)
0.009
(0.009)
Long run (3+ years after)
0.029***
(0.010)
Number of Children 3,311
Observations 28,757
Panel C. Violent Behavior
After next younger sibling
0.006**
(0.002)
0.007**
(0.003)
Short run (0-3 years after)
0.005
(0.003)
Long run (3+ years after)
0.009**
(0.003)
Number of Children 3,281
Observations 26,916
Panel D. Behavior Problems
After next younger sibling
0.006
(0.005)
0.008*
(0.005)
Short run (0-3 years after)
0.001
(0.005)
Long run (3+ years after)
0.015***
(0.005)
Number of Children 3,295
Observations 28,461
Notes: Sample includes all non-twin firstborn children whose mothers gave birth to at least one younger sibling during the study period.
Controls include child’s age, child’s age squared, and mother’s age. Robust standard errors are clustered at the child level.
*** p < 0.01, ** p < 0.05, * p < 0.1
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Table 2.9: Child Fixed Effects: Effect of Birth of a Younger Sibling on Mental Health Outcomes
at the Third Birth Parity
(1)
OLS
(2)
Child
Fixed Effects
(3)
Child
Fixed Effects
Panel A. Anxious/Depressed Subscale
After next younger sibling
0.244***
(0.059)
0.320***
(0.059)
Short run (0-3 years after)
0.150***
(0.053)
Long run (3+ years after)
0.181***
(0.054)
Number of Children 3,158
Observations 12,366
Panel B. Visited Psychiatrist
After next younger sibling
0.007
(0.009)
0.008
(0.009)
Short run (0-3 years after)
0.001
(0.008)
Long run (3+ years after)
0.018**
(0.008)
Number of Children 3,161
Observations 27,877
Panel C. Violent Behavior
After next younger sibling
0.003
(0.008)
0.003
(0.007)
Short run (0-3 years after)
0.003
(0.004)
Long run (3+ years after)
0.004
(0.005)
Number of Children 3,135
Observations 26,025
Panel D. Behavior Problems
After next younger sibling
0.002
(0.006)
0.002
(0.006)
Short run (0-3 years after)
0.006
(0.004)
Long run (3+ years after)
0.008*
(0.005)
Number of Children 3,144
Observations 27,570
Notes: Sample includes all non-twin firstborn and secondborn children whose mothers gave birth to at least one younger sibling during the
study period. Controls include child’s age, child’s age squared, and mother’s age. Robust standard errors are clustered at the child level.
*** p < 0.01, ** p < 0.05, * p < 0.1
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Table 2.10: Child Fixed Effects: Effect of Birth of Successive Younger Siblings on Mental Health
Outcomes
(1)
Child Fixed Effects
Panel A. Anxious/Depressed Subscale
Younger sibling at first parity
0.291***
(0.056)
Younger sibling at second parity
0.377***
(0.078)
Younger sibling at third or later parity
0.228**
(0.107)
Number of Children 3,337
Observations 13,191
Panel B. Visited Psychiatrist
Younger sibling at first parity
0.018**
(0.009)
Younger sibling at second parity
0.027**
(0.012)
Younger sibling at third or later parity
0.019
(0.016)
Number of Children 3,311
Observations 28,757
Panel C. Violent Behavior
Younger sibling at first parity
0.006**
(0.003)
Younger sibling at second parity
0.015***
(0.005)
Younger sibling at third or later parity
0.009
(0.007)
Number of Children 3,281
Observations 26,916
Panel D. Behavior Problems
Younger sibling at first parity
0.008
(0.005)
Younger sibling at second parity
0.021***
(0.001)
Younger sibling at third or later parity
0.016**
(0.008)
Number of Children 3,295
Observations 28,461
Notes: Sample includes all non-twin firstborn children whose mothers gave birth to at least one younger sibling during the study period.
Controls include child’s age, child’s age squared, and mother’s age. Robust standard errors are clustered at the child level.
*** p < 0.01, ** p < 0.05, * p < 0.1
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Table 2.11: Child Fixed Effects: Event Study of Trends in Children’s Mental Health Outcomes
Before and After Birth of Younger Sibling
Outcome Variables: Mental Health Measures
(1)
Anxious/Depressed
Subscale
(2)
Visited Psychiatrist
(3)
Violent Behavior
(4)
Behavior Problems
Time Relative to
Younger Sibling’s Birth
4+ years before
-0.214
(0.130)
0.021
(0.020)
-0.005
(0.007)
0.012
(0.011)
3 years before
-0.160
(0.133)
0.014
(0.023)
-0.005
(0.005)
0.018
(0.017)
2 years before
0.121
(0.110)
-0.003
(0.018)
-0.010*
(0.006)
-0.008*
(0.004)
1 year before
-0.074
(0.104)
-0.003
(0.014)
-0.001
(0.005)
0.005
(0.012)
1 year after
0.221***
(0.062)
0.019*
(0.010)
0.009*
(0.005)
0.010
(0.007)
2 years after
0.145**
(0.061)
0.017*
(0.009)
-0.002
(0.003)
0.004
(0.004)
3 years after
0.200***
(0.062)
0.020**
(0.010)
0.006
(0.006)
0.015***
(0.006)
4+ years after
0.148**
(0.070)
0.038***
(0.009)
0.006*
(0.003)
0.020***
(0.004)
Number of Children 3,318 3,311 3,281 3,295
Observations 13,191 28,757 26,916 28,461
Notes: Sample includes all non-twin firstborn children whose mothers gave birth to at least one younger sibling during the study period.
Controls include child’s age, child’s age squared, and mother’s age. Robust standard errors are clustered at the child level.
*** p < 0.01, ** p < 0.05, * p < 0.1
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Table 2.12: Child Fixed Effects: Heterogeneous Effects of Sibship Size on Child’s Mental Health
Outcomes by Sex and Race
(1)
Child Fixed Effects
(2)
Child Fixed Effects
Panel A. Anxious/Depression Subscale
Female
0.393***
(0.073)
Black
-0.270**
(0.108)
Male
-0.207**
(0.104)
Non-Black
0.387***
(0.067)
Number of Children 3,337
Observations 13,191
Panel B. Visited Psychiatrist
Female
0.039***
(0.013)
Black
0.025**
(0.011)
Male
-0.039**
(0.016)
Non-Black
-0.018
(0.016)
Number of Children 3,311
Observations 28,757
Panel C. Violent Behavior
Female
0.006
(0.004)
Black
-0.085
(0.005)
Male
0.002
(0.005)
Non-Black
0.009**
(0.004)
Number of Children 3,281
Observations 26,916
Panel D. Behavior Problems
Female
0.014***
(0.005)
Black
-0.005
(0.009)
Male
-0.011
(0.008)
Non-Black
0.010*
(0.006)
Number of Children 3,295
Observations 28,461
Notes: Sample includes all non-twin firstborn children whose mothers gave birth to at least one younger sibling during the study period.
Controls include child’s age, child’s age squared, and mother’s age. Robust standard errors are clustered at the child level.
*** p < 0.01, ** p < 0.05, * p < 0.1
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Table 2.13: Probit: Relationship Between Sibship Size and Child’s Mental Health Outcomes
Outcome Variables: Mental Health Measures
(1)
Visited Psychiatrist
(2)
Violent Behavior
(3)
Behavior Problems
Sibship size
-0.009
(0.016)
-0.019
(0.029)
0.035
(0.026)
Male
-0.102***
(0.033)
0.083
0.063)
0.272***
(0.056)
Hispanic
-0.087*
(0.045)
0.006
(0.085)
-0.083
(0.073)
Black
-0.254***
(0.042)
-0.065
(0.078)
-0.067
(0.069)
Age
0.010
(0.006)
0.027
(0.016)
0.045*
(0.026)
Age squared
-0.001***
(0.000)
-0.003***
(0.001)
-0.004***
(0.001)
Mother’s age
0.037***
(0.006)
0.052***
(0.015)
0.039**
(0.015)
Mother’s age at first birth
-0.032***
(0.008)
-0.066***
(0.019)
-0.056***
(0.016)
Mother completed less
than high school
-0.092
(0.072)
0.209
(0.153)
0.225*
(0.128)
Mother completed high
school or some college
0.014
(0.047)
0.197*
(0.108)
0.167*
(0.092)
Mother employed
-0.027
(0.034)
-0.104
(0.065)
-0.021
(0.057)
Mother’s general health
-0.011***
(0.002)
-0.014***
(0.003)
-0.012***
(0.003)
Number of Children 2,770 2,765 2,770
Observations 27,388 25,666 27,125
Notes: Sample is non-twin firstborn children in families with at least two children. Controls include child’s sex, race, age, age squared,
mother’s age, age at first birth, educational attainment, employment status, and self-assessed general health measure.
*** p < 0.01, ** p < 0.05, * p < 0.1
74
Table 2.14: Probit: Relationship Between Sibship Size and Child’s Mental Health Outcomes
Outcome Variables: Mental Health Measures
(1)
Visited Psychiatrist
(2)
Violent Behavior
(3)
Behavior Problems
Sibship size
-0.041***
(0.008)
-0.024
(0.017)
-0.013
(0.014)
Male
-0.090***
(0.016)
0.201***
(0.038)
0.322***
(0.034)
Hispanic
-0.077***
(0.021)
-0.016
(0.047)
-0.076*
(0.042)
Black
-0.192***
(0.018)
-0.076*
(0.040)
0.039
(0.034)
Age
0.011***
(0.003)
0.020**
(0.009)
0.067***
(0.012)
Age squared
-0.001***
(0.000)
-0.001***
(0.000)
-0.005***
(0.001)
Mother’s age
0.022***
(0.002)
0.005
(0.004)
0.004
(0.004)
Mother’s age at first birth
-0.011***
(0.003)
-0.017***
(0.006)
-0.016***
(0.005)
Mother completed less
than high school
-0.003
(0.036)
0.202**
(0.085)
0.222***
(0.067)
Mother completed high
school or some college
0.037
(0.023)
0.135**
(0.064)
0.118**
(0.050)
Mother employed
0.015
(0.020)
-0.067
(0.043)
0.049
(0.037)
Mother’s general health
-0.011***
(0.001)
-0.014***
(0.002)
-0.012***
(0.002)
Number of Children 8,482 8,468 8,481
Observations 79,279 73,588 78,650
Notes: Sample is all families. Controls include child’s sex, race, age, age squared, mother’s age, age at first birth, educational attainment,
employment status, and self-assessed general health measure.
*** p < 0.01, ** p < 0.05, * p < 0.1
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Table 2.15: IV Probit: Effects of Sibship Size on Child’s Probability of Visiting Psychiatrist
Outcome Variable: Probability of Visiting Psychiatrist
2+ Births Sample
(Only Firstborns)
3+ Births Sample
(Only First
and Secondborns)
2+ Births Sample
(Only First
and Secondborns)
Second Twin Instrument Third Twin Instrument Same Sex Instrument Combined Instruments
(1)
IV Probit
(2)
IV Probit
(3)
IV Probit
(4)
IV Probit
Second Stage
Sibship Size
0.029
(0.029)
0.002
(0.025)
0.001
(0.016)
0.011
(0.015)
First Stage
IV: Twins at Second Birth
0.757***
(0.089)
0.750***
(0.093)
IV: Twins at Third Birth
0.947***
(0.151)
IV: Same Sex at First
and Second Births
0.193***
(0.024)
0.196***
(0.024)
Mean 0.077 0.074 0.076 0.076
F-Statistic 197.091 133.421 581.489 390.460
Wald Exogeneity Test 0.254 0.964 0.958
Sargan-Hansen Statistic 0.290
Number of Children 2,770 2,688 5,490 5,490
Observations 27,388 26,632 53,001 53,001
Notes: “2+ births sample (only firstborns)” (column (1)) includes non-twin firstborn children in families with at least two children, “3+
births sample (only first and secondborns)” (column (2)) includes non-twin first- and secondborn children in families with at least three
children, and “2+ births sample (only first and secondborns)” (column (3)) includes non-twin first- and secondborn children in families with at
least two children. Controls in regressions include child’s sex, race, age, age squared, mother’s age, age at first birth, educational attainment,
employment status, and self-assessed general health measure. Robust standard errors are clustered at the child level.
*** p < 0.01, ** p < 0.05, * p < 0.1
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Table 2.16: IV Probit: Effects of Sibship Size on Child’s Probability of Getting Help for Violent
Behavior
Outcome Variable: Probability of Getting Help for Violent Behavior
2+ Births Sample
(Only Firstborns)
3+ Births Sample
(Only First
and Secondborns)
2+ Births Sample
(Only First
and Secondborns)
Second Twin Instrument Third Twin Instrument Same Sex Instrument Combined Instruments
(1)
IV Probit
(2)
IV Probit
(3)
IV Probit
(4)
IV Probit
Second Stage
Sibship Size
0.015
(0.018)
0.013
(0.023)
0.004
(0.007)
0.007
(0.008)
First Stage
IV: Twins at Second Birth
0.752***
(0.092)
0.751***
(0.096)
IV: Twins at Third Birth
0.930***
(0.153)
IV: Same Sex at First
and Second Births
0.189***
(0.025)
0.192***
(0.025)
Mean 0.008 0.010 0.008
F-Statistic 179.857 121.390 509.378 346.803
Wald Exogeneity Test 0.109 0.322 0.589
Sargan-Hansen Statistic 0.536
Number of Children 2,765 2,684 5,481 5,481
Observations 25,666 24,894 49,321 49,321
Notes: “2+ births sample (only firstborns)” (column (1)) includes non-twin firstborn children in families with at least two children, “3+
births sample (only first and secondborns)” (column (2)) includes non-twin first- and secondborn children in families with at least three
children, and “2+ births sample (only first and secondborns)” (column (3)) includes non-twin first- and secondborn children in families with at
least two children. Controls in regressions include child’s sex, race, age, age squared, mother’s age, age at first birth, educational attainment,
employment status, and self-assessed general health measure. Robust standard errors are clustered at the child level.
*** p < 0.01, ** p < 0.05, * p < 0.1
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Table 2.17: IV Probit: Effects of Sibship Size on Child’s Probability of Getting Help for Violent
Behavior
Outcome Variable: Probability of Getting Help for Behavior Problems
2+ Births Sample
(Only Firstborns)
3+ Births Sample
(Only First
and Secondborns)
2+ Births Sample
(Only First
and Secondborns)
Second Twin Instrument Third Twin Instrument Same Sex Instrument Combined Instruments
(1)
IV Probit
(2)
IV Probit
(3)
IV Probit
(4)
IV Probit
Second Stage
Sibship Size
0.004
(0.012)
0.010
(0.014)
0.000
(0.006)
0.001
(0.005)
First Stage
IV: Twins at Second Birth
0.758***
(0.090)
0.752***
(0.094)
IV: Twins at Third Birth
0.939***
(0.152)
IV: Same Sex at First
and Second Births
0.192***
(0.024)
0.195***
(0.024)
Mean 0.012 0.012 0.012 0.012
F-Statistic 196.166 129.977 568.477 383.634
Wald Exogeneity Test 0.623 0.321 0.777
Sargan-Hansen Statistic 0.679
Number of Children 2,770 2,687 5,489 5,489
Observations 27,125 26,361 52,529 52,529
Notes: “2+ births sample (only firstborns)” (column (1)) includes non-twin firstborn children in families with at least two children, “3+
births sample (only first and secondborns)” (column (2)) includes non-twin first- and secondborn children in families with at least three
children, and “2+ births sample (only first and secondborns)” (column (3)) includes non-twin first- and secondborn children in families with at
least two children. Controls in regressions include child’s sex, race, age, age squared, mother’s age, age at first birth, educational attainment,
employment status, and self-assessed general health measure. Robust standard errors are clustered at the child level.
*** p < 0.01, ** p < 0.05, * p < 0.1
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Table 2.18: OLS: Relationship Between Sibship Size and Child’s Mental Health Outcomes
Outcome Variables: Mental Health Measures
(1)
Anxious/Depressed
Subscale
(2)
Visited Psychiatrist
(3)
Violent Behavior
(4)
Behavior Problems
Sibship size
-0.033***
(0.008)
-0.006***
(0.001)
-0.000
(0.000)
-0.000
(0.000)
Male
-0.078***
(0.018)
-0.013***
(0.002)
0.005***
(0.001)
0.010***
(0.001)
Hispanic
-0.083***
(0.022)
-0.011***
(0.003)
-0.001
(0.001)
-0.003**
(0.001)
Black
-0.117***
(0.019)
-0.025***
(0.002)
-0.001
(0.001)
0.000
(0.001)
Age
-0.026***
(0.009)
0.001***
(0.000)
0.000***
(0.000)
0.000**
(0.000)
Age squared
0.004***
(0.001)
-0.000***
(0.000)
-0.000***
(0.000)
-0.000***
(0.000)
Mother’s age
-0.019***
(0.002)
0.003***
(0.000)
0.000
(0.000)
-0.000***
(0.000)
Mother’s age at first birth
-0.008***
(0.003)
-0.002***
(0.000)
-0.000**
(0.000)
-0.000
(0.000)
Mother completed less
than high school
0.245***
(0.038)
-0.000
(0.005)
0.005*
(0.002)
0.007***
(0.002)
Mother completed high
school or some college
0.056**
(0.025)
0.005
(0.003)
0.002*
(0.001)
0.003**
(0.001)
Mother employed
-0.016
(0.020)
0.002
(0.003)
0.003**
(0.001)
0.002
(0.001)
Mother’s general health
-0.014***
(0.001)
-0.002***
(0.000)
-0.001***
(0.000)
-0.000
(0.000)
Number of Children 8,417 8,482 8,468 8,481
Observations 36,326 79,279 73,588 78,650
Notes: Sample is all families. Controls include child’s sex, race, age, age squared, mother’s age, age at first birth, educational attainment,
employment status, and self-assessed general health measure.
*** p < 0.01, ** p < 0.05, * p < 0.1
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Chapter 3
The Effect of the Minimum
Dropout Age on Substance Use of
High School Students
3.1 Introduction
The first compulsory school attendance law was established by Massachusetts in 1852.1 By
1918, all states had adopted a compulsory school attendance law (Lleras-Muney, 2002). In general,
these compulsory attendance laws dictate the ages at which children must attend school prior to
legally dropping out. The upper bound of this period of attendance is called the minimum dropout
age, also known as the school-leaving age. These regulations are set at the state level and have
changed frequently throughout history. In some cases, the school-leaving age is changed downwards,
but the majority of states have adjusted it upwards (Messacar and Oreopoulos, 2013).
In recent years, raising the school-leaving age has gained national attention. In fact, in his
2012 State of the Union address, President Barack Obama called for every state to require students
to stay in school until they reach age 18. He stated that, “When students don’t walk away from
their education, more of them walk the stage to get their diploma. When students are not allowed
1 Prior to this time, compulsory education laws existed in many states, which only forced parents to provide their
children with an education. The first compulsory education law was enacted by Massachusetts in 1642 (Lleras-Muney,
2002).
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to drop out, they do better” (NEA, 2012). Also in 2012, former National Education Association
President Dennis Van Roekel supported this sentiment by declaring, “We can’t prepare students for
the 21st century who aren’t in school. Increasing graduation rates requires a continuum of strategies
that engage students, including ensuring their presence in the classroom” (NEA, 2012). Although
compulsory schooling laws are legislated at the state level, these examples illustrate that the federal
government can urge states to consider the merits of more restrictive policies.
Between 1993 and 2015, the majority of states adopted higher school-leaving ages while the
percentage of high school students engaging in various types of substance use decreased. In this
paper, I explore this relationship of how raising the minimum dropout age affects the substance
use behaviors of high school students. This question is crucial, provided the existing evidence that
youth smoking and drinking patterns contribute to using these substances in adulthood (Arria et al.,
2008; Bonomo et al., 2004; Farrell and Fuchs, 1982; Wechsler et al., 1995). Policy interventions that
contribute to curbing these consumption activities among youth could potentially have substantial
long-term health benefits later in life (Auld, 2005; Gruber and Zinman, 2001).
Substance use behaviors contribute markedly to the leading causes of death among America’s
youth. According to a 2010 report by the Center for Disease Control and Prevention, alcohol use
substantially contributed to all three leading causes of death among youth—unintentional injuries,
suicides, and homicides. In fact, they estimated that 4,358 deaths of persons under age 21 each year
are caused by alcohol use (Heron, 2013). In addition to this deathly cost, underage drinking cost
the United States economy approximately $24.3 billion in 2010.
Along with the toll of underage drinking, there are also dire consequences of smoking among
adolescents. It has been estimated that if cigarette smoking continues at the current rate among
youth in the United States, 5.6 million of today’s Americans younger than age 18 will die early from
a smoking-related illness. This statistic represents approximately 1 of every 13 Americans aged 17
years or younger alive today (U.S. Department of Health and Human Services, 2014). Besides this
human cost, cigarette smoking takes a damaging toll on the nation’s economy. In total, cigarette
smoking costs in excess of $289 billion a year.
This study considers the short-term effect of mandatory schooling on substance use be-
haviors of high school students. Specifically, I use data from the national Youth Risk Behavior
Surveillance System survey to quantify the causal impact of minimum dropout age legislation on the
smoking, marijuana use, drinking, and binge drinking of high school students. I use a generalized
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difference-in-difference empirical specification, which exploits the variation in school-leaving age laws
across states and years. This paper also addresses potentially endogenous exposure to a higher min-
imum dropout age by employing a propensity score analysis. Specifically, I employ propensity score
matching and weighting strategies for the sample. According to these propensity score results, the
baseline difference-in-difference findings may be biased. However, there does remain some evidence
that exposure to a higher school-leaving age significantly decreases the number of days high school
students drink. Overall, my findings yield evidence that a higher minimum dropout age leads to a
decrease in all four types of substance use.
The remainder of the paper is organized as follows. Section 3.2 highlights the relevant
literature and Section 3.3 briefly explains the theoretical motivation for my research question. Section
3.4 describes the data sources, then Section 3.5 lays out the empirical strategies. Section 3.6 presents
the main results and Section 3.7 performs a robustness check. Lastly, Section 3.8 concludes.
3.2 Previous Research
3.2.1 Prior Descriptive Evidence on Education and Substance Use
This study will bridge the gap between two different strands of literature—papers analyzing
the relationship between education and substance use behaviors, and research exploring the causal
effect of the minimum dropout age (MDA) on general outcomes. A handful of studies have doc-
umented the association between increased schooling and the probability of smoking or drinking
later in life. Amin et al. (2013), Gimard and Parent (2007), and Jurges et al. (2011) conclude that
education significantly lowers the probability of smoking later in life. This observed effect is mostly
attributed to a reduction in starting rates, rather than an increase in quitting rates. Jensen and
Lleras-Muney (2012) find that increased education is associated with a lower likelihood of smoking
in the future. Specifically, youth subjected to an extra year of schooling are 21% less likely to smoke
later in life. Overall, these studies suggest that there is a substantial negative relationship between
education and the long-term probability of smoking.
The existing literature obtains mixed results regarding the relationship between increased
schooling and the long-term probability of drinking alcohol. The aforementioned study by Jensen
and Lleras-Muney (2012) reveals that increased schooling is associated with a lower probability of
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daily or regular drinking in the future. According to survey responses from later in their lives, the
proportion of individuals drinking at least once a week is lowered by about 3 percentage points.
On the other hand, Park and Kang (2008) find that education has little effect on drinking alcohol.
Thus, there is no conclusive evidence of the relationship between education and drinking behaviors.
3.2.2 Prior Causal Evidence on MDA Effects
A few studies have shown that increasing the MDA accomplishes its main goal of reducing
the dropout rate. A pioneering study by Angrist and Krueger (1991) finds that roughly 25% of
potential dropouts remain in school due to compulsory schooling laws. Cabus and Witte (2011)
conclude that a one-year increase in the MDA reduces dropout by 2.5 percentage points. Similarly,
Oreopoulos (2009) reports that raising the MDA from age 16 to ages 17 or 18 causes a significant
decline in the average dropout rate by 1.4 percentage points.
Several existing pieces of literature have confirmed that raising the MDA has a positive
impact on future labor market outcomes. Harmon and Walker (1995) show that there are 14%
higher earnings from school compulsion. Oreopoulos (2006) and Oreopoulos (2009) discover that
mandating education significantly increases adult income and decreases the probability of being
below the low-income cut-off and unemployed. A related analysis by Oreopoulos (2007) shows that
lifetime wealth increases by about 15% with an extra year of compulsory schooling. In addition,
students compelled to remain in school for another year are less likely to report being unemployed
later in life.
Students forced to continue their schooling through compulsory schooling laws also benefit
relative to dropouts on other outcomes. More strict compulsory schooling ages have been shown
to lower overall incarceration rates and crime arrest rates, specifically concerning property crimes
(Anderson, 2014; Bell et al., 2016; Cano-Urbina and Lochner, 2017; Chan, 2012; Lochner and
Moretti, 2004; Machin et al., 2011). However, an unintended consequence of increasing the MDA
could be the displacement of crime from the streets to schools. There is some evidence that making
the MDA more strict results in higher student victimization and in-school violence (Anderson and
Hansen, 2013; Gilpin and Pennig, 2015). Three influential studies find that increasing the compulsory
schooling age reduces the incidence of teenage childbearing (Black et al., 2008; Silles, 2011; Wilson,
2017). Furthermore, a study by Banks and Mazzonna (2012) concludes that an additional year of
mandatory schooling has positive effects on memory and executive functioning at older ages.
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This paper will contribute to the existing studies by exploring a missing link between these
two literatures. First, the analysis at hand will explore the immediate, short-term effect of a higher
MDA on substance use behaviors of high schoolers. All of the aforementioned papers examine the
later in life, long-term effect of a more strict compulsory school age. Second, my results will be
based on more recent MDA reforms occurring from 1993 to 2015 across the United States. The
majority of existing studies use MDA policy changes that were legislated many decades ago. Third,
my empirical strategy will provide causal estimates of this effect. This will contribute to the existing
literature, which is mainly composed of correlational studies. To the best of my knowledge, this
study is the first to empirically acknowledge that exposure to a higher MDA may be endogenous.
By highlighting important differences between difference-in-difference and propensity score analysis
results, this study casts doubt upon findings that do not account for unobserved heterogeneity.
3.3 Theoretical Framework
There are several possible explanations for how MDA laws may impact substance use behav-
iors among high school students. Although there are likely other mechanisms, I consider a more strict
time constraint and human capital effects in this paper. First, compared to high school dropouts,
students compelled to stay in school as a result of a higher MDA may have less time and oppor-
tunities to engage in substance use while in school. In addition, students are often monitored and
watched closely while in school. Thus, increasing the MDA may reduce the time available to stu-
dents to engage in substance use. This more stringent time constraint can imply one of two different
effects on future substance use. First, following the terminology of Anderson (2014), what he calls
a “shifting effect” results in a mere postponement of substance use. This means that increasing the
MDA will cause an increase in substance use when individuals exit school in the future. The second
mechanism is a sort of “incapacitation effect,” which would discourage the prevalence of substance
use of high school students and have no effect on future substance use after leaving school.
The second channel through which this relationship may operate is human capital accumu-
lation. For the would-be dropouts directly impacted by a higher MDA, the additional education
increases both their current and expected future human capital. Previous studies have shown that
students compelled to stay in school experience large gains in future labor market outcomes, such
as higher earnings (Acemoglu and Angrist, 2001; Angrist and Krueger, 1991) and higher college
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attainment (Oreopoulos, 2009). Thus, students may have higher expectations about their future
labor market success if their state mandates a higher compulsory school age. An influential study
by G. Becker (1965) concluded that a rise in expected lifetime earnings would cause a decrease in
time spent engaging in consumption activities. This is because the opportunity cost of time has
risen, which makes it more costly to engage in these risky consumption activities. Through this
mechanism, a higher MDA would also deter substance use behaviors of high school students.
Along with the aforementioned mechanisms, there may be other direct or indirect pathways
through which more years of schooling may affect substance use. Thus, theory itself does not clearly
predict the direction of the effect of a higher MDA on youth substance use. In order to fully answer
this question, I will turn to an empirical analysis using various data sources.
3.4 Data
3.4.1 MDA
My data on state-level MDA laws are gathered from several sources. These sources include
the National Center for Education Statistics’ (NCES) Digest of Education Statistics (DES), the
Education Commission of the States (ECS), and previous work completed by Oreopoulos (2009).
I have collected state-level MDA data from these sources for the time period from 1993 to 2015.
Figure 3.1 reveals that the majority of states set the MDA at age 16 in 1993. Specifically, 10 states
set the school-leaving age at 18 years, 10 states (including D.C.) set it at 17 years, and the remaining
states set it at 16 years. Figure 3.2 shows a heat map of the evolution of more strict MDA policies
when we fast-forward to 2015. To be exact, 24 states (including D.C.) set their MDA at age 18,
while 12 states set their MDA at age 17 in 2015. Thus, most states chose to raise their school-leaving
age above 16 years in this time period.2
MDA legislation was initially established in the late 19th century in order to mandate a
minimum level of education for youth when child labor was common.3 More recently, policymakers
advocate for states to raise the MDA as a means to reduce the number of dropouts. From the early
2 From 1993 to 2015, only 14 states did not increase their MDA above age 16. This time period only involves cases
where the MDA is adjusted upwards. Table 3.11 contains the MDA by state and year from 1993 to 2015.
3 These early school-leaving age policies were focused on students subjected to economic and educational surround-
ings that were greatly different than those faced by today’s youth. In addition, these earlier reforms increased the
school-leaving age to ages 14, 15, or 16 (Oreopoulos, 2009). With this in mind, existing studies using laws from far
back in history may not be as relevant to today’s environment. Thus, my analysis will focus on MDA policies of the
past few decades.
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1970s until the mid 1990s, the high school graduation rate has periodically declined and stagnated.
According to the NCES DES, the averaged freshman graduation rate for public schools was 78.7
in 1970 and fell to 71.0 by 1996.4 A higher MDA has been promoted as a way to attenuate this
dropout trend while simultaneously increasing the graduation rate of high school students.
It is important to note that there are numerous intricacies behind compulsory school age
policies. Oreopoulos (2009) highlights that there are statutory exceptions for several reasons and
various levels of enforcement and consequences for truancy. Although these statutory exemption
policies vary from state to state, there are a few typical exceptions that the majority of states have
written into law. The first involves the right to an equivalent education, which states that youth can
attend public schools or equally qualified private schools. In addition, it is often the case that special
circumstances can make a child exempt from compulsory attendance. Examples of these exceptions
could involve a child or immediate family member suffering from a severe injury or illness, or the
death of a parent or guardian. Lastly, many states allow parents to withdraw their children from
school for religious reasons (NEA, 2012).
In all states, parents or guardians are legally responsible for their children’s high school
attendance. In the majority of states, the first response when a student begins to miss excessive
days of school is to contact the student’s parent or legal guardian. States initially advise that
the guardian urge the individual to attend school. If this preliminary action does not improve
the student’s attendance, many states move forward in imposing penalties for noncompliance on the
legal guardians. According to Oreopoulos (2009), these punishments for parents often require paying
a fine or facing a jail sentence. Similarly, the consequences of excessive absenteeism for students
vary across states. These punishments can include denial of driving privileges, community service
requirements, removal from usual classrooms, and assignment in replacement programs. In a few
states, punishments for noncompliance for students can involve criminal penalties.
Although these general guidelines have been established in most states, the degree of en-
forcement of these MDA laws varies enormously across states. In general, only a portion of truant
individuals are actually punished by the state. This is because schools often lack the resources and
financial incentive to strictly enforce these compulsory school age laws. As a result, some students
still drop out of school illegally before they have reached the compulsory school age (NEA, 2012).
4 The averaged freshman graduation rate is an estimate of the percentage of students who receive a regular diploma
within 4 years of entering ninth grade.
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3.4.2 Youth Risk Behavior Surveillance System (YRBSS)
My data on the substance use behaviors of high school students are collected from the
restricted use state-identified versions of the Youth Risk Behavior Surveillance System (YRBSS)
national survey. The national YRBSS is a biannual survey that is conducted by the Centers for
Disease Control (CDC). These data are designed to provide a nationally representative sample of
9th through 12th grade students in United States high schools.5 Participation in the YRBSS surveys
varies, but the overall response rate is approximately 70% across my sample period from 1993 to
2015.
The main goal of the YRBSS survey is to collect information regarding youth behaviors
that play a role in overall health. The survey includes questions on priority health risk behaviors,
including the use of alcohol, tobacco, and other drugs, sexual activity, dietary behaviors, and physical
activity.6 The YRBSS was designed to determine the prevalence and time trends of youth health
behaviors. These data have been used in several existing studies to evaluate the relationship between
state-level policies and youth health behaviors.7
Using the YRBSS dataset, Figure 3.3 depicts the prevalence of substance use behaviors of
high school students for the period from 1993 to 2015. The vertical axis represents the percentage
of high school students that reported using the substance on at least one day or time in the last
30 days before the survey was administered. Specifically, this graph shows the trends in smoking
cigarettes, using marijuana, drinking alcohol, and binge drinking. This figure shows that there was a
general downward trend in the prevalence of substance use behaviors of high school students during
this time period.8
From this figure, we can see that the 30-day prevalence of cigarette smoking among high
school students in 1993 was about 31% and this percentage decreased dramatically to only 11% by
2015. In 1993, about 48% of students surveyed had at least one drink of alcohol during the last
5 However, the national YRBSS datasets do not necessarily contain observations from every state in each survey
year. This is because the national YRBSS is an independent sample, rather than the aggregate of individual state
datasets. For more information about the number of observations by state-year in the national YRBSS, see Anderson
(2014).
6 For more information, see https://www.cdc.gov/healthyyouth/data/yrbs/overview.htm.
7 For examples of other studies that use the YRBSS state-level data, see Anderson (2010) on the teen meth use
as a result of an anti-meth campaign; Anderson (2014) on the impact of MDA legislation on juvenile crime rates;
Anderson and Hansen (2013) on the effect of MDA laws on student victimization; Anderson, Hansen, and Rees (2015)
on the effect of medical marijuana legalization on teen marijuana use; Carpenter and Stehr (2008) on the impacts
of mandatory seatbelt laws on self-reported seatbelt use, highway fatalities, and crash-related injuries; Cawley et al.
(2007) on the result of state physical education regulations on youth exercise and obesity; Tremblay and Ling (2005)
on the effect of AIDS education at school and at home on youth sexual activity.
8 Except for marijuana use, this decreasing trend is visible in Figure 3.3.
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30 days before the survey, while this number decreased to 33% by 2015. About 30% of students
reported that they had binge drank in the last 30 days in 1993, while this percentage fell to 18% by
2015. The 30-day prevalence of marijuana use among high school students rose from 18% in 1993
to 22% in 2015.
In order to put these simple means into perspective, it is helpful to compare these descriptive
statistics for a nationally representative sample of high school students to similar measures for
college students. Monitoring the Future (MTF), a research program conducted at the University
of Michigan’s Institute for Social Research, provides the same measures for undergraduate college
students. The 30-day prevalence of cigarette smoking among college students was about 11% in
2015, which is comparable to that of high school students. Approximately 63% of college students
surveyed had at least one drink of alcohol during the last 30 days before the survey in 2015, while this
statistic was 32% for binge drinking. In 2015, 30-day marijuana prevalence among college students
was 21%. While the average smoking and marijuana use were similar for high schoolers and college
students in 2015, alcohol consumption was more prevalent among college students.9
My final sample is a pooled cross-sectional dataset for the period from 1993 to 2015.10 The
dataset has 122,383 total observations, with 62,723 females and 59,660 males. Of the entire sample,
52,113 students are white and 70,270 are non-white. Table 3.1 provides descriptive statistics of my
entire dataset.11 About 50% of the sample is made up of males and the average age is slightly over
16 years. The minimum age I observe in my sample is 12 and the maximum age is 18, while the
majority of students in the sample are between the ages of 14 and 18 years old. Students from
each grade level compose about a quarter of the entire dataset. Approximately 20% of high school
students used marijuana in the last month. The percentage of students in my sample that consumed
alcohol and binge drank in the last 30 days are 38% and 27%, respectively. In addition, about 23% of
all students in the sample smoked cigarettes in the last 30 days. For those students that did engage
in smoking cigarettes and using marijuana, the average number of days using these substances in the
last month is about 3.2 and 2.9 days, respectively. During my sample period, high school students
participate in a mean of 2.0 days of drinking alcohol and 1.4 days of binge drinking.
Table 3.1 also splits the sample into states that did not change their MDA from age 16 and
9 For more information about these statistics, see Johnston et al. (1994) and Schulenberg et al. (2017).
10 The first national YRBSS survey was conducted in 1991. However, my MDA data begin with the 1993 school
year, so I chose to omit this survey wave from my final dataset.
11 The observations are weighted using the YRBSS sample weights. The descriptive statistics for the raw data are
similar to those for the weighted data. These statistics are available upon request.
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those that increased their MDA above age 16 during my sample period.12 Of my entire dataset,
44,047 observations are associated with a state that kept its MDA at age 16, while 78,336 are from
a state that raised its MDA above age 16. Just by observing these simple means, it appears that
students in states that eventually raised their MDA above age 16 generally engage in less substance
use behaviors.13 This table also includes the results from a t-test, which I will highlight in Section
3.5.1.
3.4.3 State-Level Controls
A main limitation of the YRBSS survey data is its lack of individual-level background
characteristics, such as family income and parental education. To alleviate potential concerns about
omitted variable bias, I include state-specific policy and economic controls in my models. The
unemployment rate is obtained from the U.S. Bureau of Labor Statistics (BLS) and the median
household income data are from the U.S. Census Bureau. The NCES DES provides state-specific
information on per-pupil expenditures for public elementary and secondary education, pupil-teacher
ratio in public elementary and secondary schools, high school graduation exit exams, and total high
school math and science course graduation requirements. Each state’s medical marijuana legalization
status is gathered from the National Conference of State Legislatures (NCSL).
3.5 Empirical Strategies
3.5.1 Difference-In-Difference (DID) Approach
In this study, I test if high school MDA laws impact the substance use behaviors of affected
high school students. To accomplish this goal, I exploit the variation in MDA laws across states
and years in my final dataset. My empirical strategy will follow a generalized difference-in-difference
(DID) approach, which amounts to a two-way fixed effects regression.
The reduced-form baseline specification of my empirical model is
(3.1)Behaviorist = β0 + β1(MDA>16)st + Xistρ+ Ystγ + δs + τt + ist,
12 In Section 3.6 of the paper, I split the sample by gender and race. Summary statistics by gender and race are
available upon request.
13 This trend does not appear to hold for smoking. In Section 3.6, I will highlight that I do not find any significant
effects of a higher MDA on smoking.
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where i indexes individual, s indexes state, and t indexes year. The variable (MDA > 16)st is an
indicator variable equal to one if the MDA is higher than 16 in state s at year t and zero otherwise.
The vector Xist contains all individual-specific controls, including the individual’s gender, race,
age, and grade level in school. The vector Yst is comprised of state-specific controls, including the
unemployment rate, median household income, public school per-pupil expenditures, average pupil-
teacher ratio, and state high school math and science course graduation requirements. This vector
also contains dummies for medical marijuana legalization status and a state high school exit exam.
The terms δs and τt represent state and year fixed effects, respectively.
The dependent variable, Behaviorist, represents one of eight measures of substance use
behavior at the individual student level. The four binary outcomes include whether the student
smoked cigarettes, used marijuana, drank alcohol, or binge drank in the last 30 days.14 The four
categorical outcomes include number of days smoking cigarettes in the last 30 days, number of days
drinking alcohol in the last 30 days, number of days binge drinking in the last 30 days, and number of
times using marijuana in the last 30 days.15 In the national YRBSS survey, students answer multiple
choice questions of intervals of days (or times for marijuana use) that they used the substances in
the last 30 days.16
The coefficient of interest, β1, represents the effect of a MDA above age 16 on substance
use behaviors of high school students. The identifying assumption for this coefficient is the usual
common trend assumption in DID methods. This states that the substance use behaviors of high
school students in states that keep their MDA at age 16 and states that raise their MDA above age
16 would follow the same trend in the absence of the more strict MDA. In other words, the MDA
changes are exogenous to trends in substance use behaviors. As previously mentioned, states decided
to change their MDA in response to the falling high school graduation rate. Thus, the identifying
assumption seems plausible because these states did not raise their MDA as an attempt to decrease
substance use behaviors of high school students.
14 In the national YRBSS, binge drinking is defined as having 5 or more drinks of alcohol in a row within a couple
of hours.
15 It is important to note that marijuana use is reported in “times” rather than “days” in the national YRBSS
survey.
16 Since these are categorical measures, I follow the strategy of Hao and Cowan (2017) and take the midpoint of
each interval as a measure of the actual substance use days when performing my DID regression. For instance, the
survey asks “During the past 30 days, on how many days did you smoke cigarettes?” and respondents can choose
from “1) 0 days, 2) 1 or 2 days, 3) 3 to 5 days, 4) 6 to 9 days, 5) 10 to 19 days, 6) 20 to 29 days, and 7) All 30 days.”
If a respondent chose an answer of 3, I record this respondent as smoking on 4 days in the last 30 days. In addition
to these re-coded answers, I also use the categorical raw responses in ordered probit models and find similar results
to my baseline DID specification. The results from this regression are available upon request.
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This empirical method also relies on the assumption that students in states that keep their
MDA at age 16 throughout my sample are an appropriate counterfactual for students in states that
raise their MDA above age 16. To test the validity of this assumption, I perform t-tests to uncover if
the independent variable means are statistically different between the control and treatment groups.
The results of this exercise are provided in Table 3.1. The t-tests show that students in states that
raise their MDA above age 16 tend to engage in less substance use behaviors, in relation to students
in states that keep their MDA at age 16 in my sample period. The majority of the individual-level
variables are not statistically different at the 5% level. However, all of the state-level covariates are
statistically different at the 5% level. Since my specification is concerned with changes in MDA laws
across states over years, we need not be concerned with differences across states that are constant
over the years. However, my results may be biased if these state-level characteristics consistently
change in rhythm with MDA legislation.
In order to alleviate this concern, I follow the method of Anderson and Hansen (2013) in
performing a basic test of policy endogeneity. This involves performing a regression with the policy
variable, (MDA > 16), as the dependent variable, and a vector of state-specific controls that may
influence a state’s decision to raise the MDA above age 16. These variables include the dropout
rate, graduation rate, unemployment rate, median household income, percentage of the population
that is male, percentage of the population that is black, percentage of the population that is 15 to
19 years old, property crime rate, and violent crime rate.17
The compiled variables make a state-level panel dataset covering the period from 1993 to
2015.18 In estimating this regression, none of the explanatory state-level variables are significant.19
Although I am unable to prove that MDA changes are completely unrelated to unobserved factors
influencing substance use of high school students, this method of Anderson and Hansen (2013) deems
policy endogeneity unlikely in this study.
A potential caveat of my empirical strategy is the basic classification of states based on the
existence of a MDA law above or below age 16. Although there are numerous intricacies behind
these school-leaving ages, my specification simply considers the existence of a MDA law above age 16
in a specific state and year. There does not appear to be a clear, feasible way to empirically control
17 The sources for these variables can be found in Appendix D.
18 In this regression, I include state and year fixed effects and cluster the standard errors at the state level (in
accordance with Bertrand et al. (2004)). Following the strategy of the authors, I weight the observations by state
populations.
19 The results from this regression are available upon request.
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for the various dimensions of these state-level policies. Thus, my estimates provide the variation in
substance use behaviors across states using the basic classification of each state’s school-leaving age
and the average impacts of these laws.
3.5.2 Propensity Score Analysis Approach
It is possible that exposure to a MDA above age 16 is related to observable factors that
impact high school student substance use. To alleviate these concerns of potentially endogenous
exposure to a MDA above age 16, I use both propensity score matching (PSM) and weighting
approaches. These methods allow for selection on observable covariates. The PSM approach consists
of matching the treated (students who reside in a state with a MDA above age 16) with the untreated
(students who reside in a state with a MDA equal to age 16) based on observable characteristics.
This strategy ensures that students subject to a school-leaving age above 16 and equal to 16 are
similar except for the school-leaving age to which they are bound.
Following S. Becker and Ichino (2002) and Sabia (2006), I first assign a treatment propensity
score to each individual in the sample. This involves fitting a probit model of whether a high
school student is subject to a MDA above age 16 on the student’s observable characteristics.20
The observable covariates included in this model are gender, race, age, and grade level.21 Each
treated individual is then matched with a comparison individual based on their propensity scores
using a specific matching algorithm. Next, the substance use behaviors of the treated and untreated
individuals with identical treatment propensity scores are compared. By averaging the individual-
level differences in substance use behavior between the treated and untreated students, I can calculate
the average treatment effect on the treated (ATT).
The PSM literature has proposed several matching algorithms. Since there are trade-offs
involved in choosing one method over another, it is not readily apparent which matching approach
should be used (Anderson, 2013). Thus, I will only provide results for nearest neighbor matching with
replacement, which is one of the most commonly used approaches.22 In matching with replacement,
it is possible for the same untreated individual to be matched to more than one treated individual.23
20 I find qualitatively similar results using a logit model as in my baseline probit model. The results using a logit
model are available upon request.
21 For the matching model, race is defined simply as white or non-white.
22 I also perform kernel, radius, and within caliper matching. The results using these algorithms are qualitatively
similar and available upon request.
23 This algorithm is preferred for my purposes because it does not restrict potential matches, thus allowing each
treated individual to be paired with his nearest match. There is little indication that matching without replacement
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While PSM allows for selection on observables, it is not effective in addressing all endogeneity
concerns of this analysis. As highlighted in Anderson (2013), PSM still has a drawback in common
with conventional regression methods. In particular, conditional on the observed covariates, both
strategies require that the assignment to treatment is “ignorable” (DiPrete and Gangl, 2004). Thus,
PSM results give informative insights about the direction and magnitude of the association between
the MDA and substance use of high school students, but do not necessarily represent causality.
While PSM is a commonly used method for estimating treatment effects in observational
studies, there is less consensus regarding how to incorporate matching with complex survey data
(DuGoff et al., 2014). According to Ridgeway et al. (2015), researchers employing PSM methods
with complex survey data are generally not correctly accounting for the survey sampling weights. In
order to avoid this common error, I will follow the propensity score weighting suggestions provided
by DuGoff et al. (2014) and Ridgeway et al. (2015). Both studies provide similar recommendations
regarding how to incorporate survey sampling weights into the propensity score method. First, they
both suggest including the survey sampling weights in the propensity score estimation stage. DuGoff
et al. (2014) recommend using the survey weights as a covariate in this estimation, while Ridgeway
et al. (2015) propose using them as weights.24 Second, both studies propose including the survey
weights in the final outcome model.
3.6 Results
3.6.1 DID Results
Tables 3.2 to 3.5 show the results of my baseline DID regressions. Table 3.2 shows the
estimates for marijuana use, while Table 3.3 shows the results for drinking, Table 3.4 for binge
drinking, and Table 3.5 for smoking. Estimates in Column (1) are based on a specification with only
state and year fixed effects. Column (2) adds individual-level control variables to the regression,
while Column (3) also includes state-level covariates. Finally, estimates in Column (4) add state-
specific linear time trends to the aforementioned controls. The data are weighted by the YRBSS
sample weights in order to make the data representative at the national level. These weighting
provides estimates that are significantly more accurate or more efficient than matching with replacement (Sabia,
2006).
24 I perform propensity score weighting using both of these methods and the results are qualitatively similar. The
reported results include the survey weights as a predictor in the propensity score estimation.
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factors are used to adjust for nonresponse and the oversampling of black and Hispanic students in
the sample.25 All models are estimated with standard errors clustered at the state level in accordance
with Bertrand et al. (2004).26
Table 3.2 shows that a higher MDA decreases marijuana use across all specifications and
measures. For the top panel in Columns (1) to (3), all of the results for the total sample are
statistically significant at the 5% level. The size of the coefficient on “used marijuana in last 30
days” does not change dramatically when adding state covariates in Column (3). It is reassuring for
the validity of my empirical strategy that the inclusion of state-level controls does not dramatically
change the point estimates.27
When including state-specific linear time trends in Column (4), some of my results lose sig-
nificance. While the standard errors increase, all of the point estimates remain negative in direction.
These changes in significance are likely because state-specific trends are correlated with the MDA.
Therefore, these terms may absorb some of the effects of the MDA, along with any pre-existing pat-
terns across states (Hao and Cowan, 2017). As a result, I am not convinced that estimates including
these trends are more accurate than those without them. Thus, I will consider the regression in
Column (3) to be my preferred empirical specification for the remainder of the paper (although I
will still report estimates for the regressions including state-specific linear time trends). This speci-
fication includes state and year fixed effects, along with control variables at the individual and state
level.
According to the result in Column (3) for the entire sample, the point estimate reveals a
2.2 percentage point decrease in the likelihood of using marijuana in the last 30 days as a result
of a higher MDA. This estimate accounts for 11.2% of the students who did use marijuana in my
sample.28 Specifically, the bottom panel reveals that a higher MDA reduces marijuana occurrences
by 0.095, which is a 3.3% drop at the mean in marijuana uses.
Although the results shown for the total sample are informative, it is possible that the
estimates for the entire sample mask interesting heterogeneous effects across subgroups of high school
25 For more information about the sample weights, see CDC (2013).
26 This accounts for the potential bias of standard errors as a result of serial correlation of the MDA laws over
time within a state. It is also critical to cluster standard errors at the state level because although there is variation
in school-leaving policies, there is also some persistence across states. From 1993 to 2015, there are 14 states in my
sample that did not raise the MDA above age 16. In my regressions, approximately 36% of the observations are from
states that kept the MDA at age 16.
27 If school-leaving ages are highly correlated with other observable state-level factors that impact substance use
behaviors, it is likely that they are also related to unobserved factors as well (Hao and Cowan, 2017).
28 This number is calculated as (0.022/0.198)*100 = 11.2% for using marijuana. All other percentages are calculated
using the same method.
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students. Recent evidence from the literature on state-level high school course requirements and
outcomes find that the effects on outcomes are largest for male and non-white students (Goodman,
2017; Hao and Cowan, 2017). Considering these results, I explore if the effect of MDA laws on
substance use behaviors differs in magnitude and significance according to gender and race. Along
with results for the entire sample, each table will decompose the results by gender and race. For the
results regarding marijuana use in Table 3.2, it appears that the significant decrease in the number
of times using marijuana is concentrated among non-white students.
Table 3.3 reports the effects of the MDA on drinking. While the results in this table are
consistent in direction with the estimates for marijuana use, they differ in statistical significance.
The regression in Column (3) shows a 3.4 percentage point decrease in the probability of consuming
alcohol in response to a higher MDA, which constitutes 9.0% of the students who drank. Further-
more, most of the full sample estimates for “number of days drinking in last 30 days” in the bottom
panel are significant at the 5% level or better. The coefficient in Column (3) shows that a higher
school leaving-age decreases days consuming alcohol by 0.257. This point estimate accounts for a
12.8% decrease at the mean for drinking days.
The point estimates decomposed by gender provide some insight as to which subgroup is
driving these results. The top panel again shows that only males respond to a higher MDA with a
significant decline in alcohol consumption. For male students, the point estimate of “drank in last
30 days” is -0.065, meaning that a MDA above age 16 reduces the probability of drinking alcohol
by 6.5 percentage points. This reduction constitutes about 16.6% of the male students who did
consume alcohol in my sample. In the bottom panel, increasing the MDA above age 16 reduces the
number of days drinking by 0.259, or an 11% reduction at the mean for males. While we do not
see any significant effects for females in the top panel, the bottom panel reveals coefficients that are
similar in magnitude and significance for both genders. Although the estimates separated by race
are all insignificant, the coefficients for non-whites are consistently larger in magnitude than those
for whites.
Table 3.4 provides the effects of a more strict MDA on binge drinking. Across all specifica-
tions and subgroups, a higher MDA reduces binge drinking. In contrast to the above estimates for
drinking in moderation, the majority of the results for binge drinking are small in magnitude and
insignificant. The top panel does not show any striking differences by gender and race. However,
the bottom panel shows that a higher MDA induces a significant decline in the number of times
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binge drinking in the last month for males. A more strict school-leaving age above age 16 decreases
“number of days binge drinking in last 30 days” by 0.231 for males. This decrease accounts for a
14.8% reduction at the mean among male students. Thus, it appears that the negative coefficients
are mainly driven by declines in binge drinking for male students.
In accordance with the aforementioned results, Table 3.5 shows that a higher MDA leads to
less cigarette smoking across all specifications and measures. The bottom panel shows that raising
the MDA causes a drop in days smoking cigarettes by 0.210, which is a 7.3% fall at the mean in
smoking days. The results separated by gender and race do not provide much insight into which
students are driving this decrease in smoking.
Given these DID results, it appears that my main estimates are driven by decreases in mari-
juana use and alcohol consumption of male high school students. Although I do not find substantial
evidence of racial differences in my results, the significant effects for males are in accordance with
the results of existing studies.29
3.6.2 Propensity Score Analysis Results
Tables 3.6 to 3.9 show the results from the PSM and weighting approaches for each of the
four substance use outcomes. Column (1) in each table shows the preferred estimates from the
generalized DID models in Tables 3.2 through 3.5, which can be used for comparison.30 Column
(2) shows the PSM estimates using nearest neighbor matching with replacement. Each coefficient
is a separate estimate for the ATT and bootstrapped standard errors are reported in parentheses
(Anderson, 2013).31 Column (3) contains estimates using propensity score re-weighting.32 As in the
baseline DID regression, I decompose the PSM results by gender and race.
The results of the PSM and re-weighting methods shown in Tables 3.6 to 3.9 generally
support the direction of the effects from the generalized DID model. In particular, a school-leaving
age above 16 is related to less substance use for high school students. However, it is worth mentioning
29 Although I use ordinary least squares (OLS) to determine my baseline estimates, I also estimate additional
regressions as robustness checks. The first of these is a probit model, in which I analyze the binary substance use
responses. As mentioned in Section 3.5, I also use the categorical raw substance use responses in ordered probit
models. I find similar results from these discrete choice models as in my baseline OLS specification. The results from
these regressions are available upon request.
30 The preferred specification for the baseline models includes individual controls and state controls, along with
state and year fixed effects.
31 Bootstrapped standard errors are based on 100 replications.
32 STATA’s svy command offers three methods to handle strata with one sampling unit—certainty, scaled, and
centered. I perform propensity score weighting using all three of these methods and the results are qualitatively
similar. The reported results use the centered method, in which strata with one sampling unit are centered at the
grand mean instead of the stratum mean.
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that the majority of the generalized DID estimates are smaller in magnitude than the matched and
re-weighted estimates. This provides some evidence that the generalized DID results may understate
the impact of a higher MDA due to selection effects.
In Table 3.6, some of the estimates change in significance as a result of the PSM and
weighting approaches. For the full sample, the coefficient under propensity score weighting for the
binary outcome is significant at the 10% level, while this becomes insignificant under PSM methods.
For the binary marijuana use outcome, the PSM and re-weighting strategies still suggest that the
reduction in marijuana use is driven by male students. For the marijuana occurrences variable,
these two methods again provide significant estimates for non-white students. Overall, these results
appear to provide evidence that the decrease in marijuana use is driven by male and non-white
students.
Table 3.7 shows that the significant estimates for the full sample with respect to drinking
are not robust to the PSM strategy. In both the generalized DID and propensity score weighting
methods, there is a decrease in drinking that is significant at the 10% level. Although this significant
decrease is not robust to nearest neighbor PSM methods for the binary outcome, it remains significant
for the number of days drinking outcome. Furthermore, the PSM and re-weighting methods both
support the finding that the decrease in drinking as a result of a higher MDA is concentrated among
male high school students.
The estimates reported in Tables 3.8 and 3.9 for the PSM and re-weighting approaches are
qualitatively similar to the generalized DID results. There is one estimate that tells us that non-
white students significantly reduce the number of days they smoke cigarettes in response to a MDA
above age 16. All other estimates remain insignificant under these three methods.
After performing the matching and re-weighting, I test the balancing properties of the
variables across the treatment and control groups. This exercise shows that the standardized mean
difference for the treated and untreated variables is small. The standardized mean difference for the
majority of the covariates is less than or approximately 10%, which indicates adequate balancing.
Thus, the matching and re-weighting methods were effective in building a good control group. In
addition to this propensity balance test, I check the sensitivity of the PSM results to potential hidden
bias using the Rosenbaum bounds test (Rosenbaum, 2002).33 Overall, my results suggest that the
33 The purpose of this procedure is to evaluate how strongly unobserved covariates must influence the selection into
treatment in order to cause concern regarding the implications of the PSM approach.
97
matching estimates are robust to selection on unobservables.34
3.7 Placebo Analysis
As an additional robustness check, I perform a placebo test to provide support for the
identifying assumption of the DID analysis. I hope to alleviate any concerns that the treatment and
control states would have different trends in high school students’ substance use behaviors without
any increase in the MDA. I construct 3 placebo MDA leads by shifting the true MDA 1-3 years
forward.35 The aim of this test is to show that the estimated effects of the placebo MDA are smaller
in magnitude and significance than the true MDA. Additionally, the further an assigned lead MDA
is from the true MDA, the more severe the mismatching of compulsory school age laws. In these
cases, the effect of the lead MDA should be smaller.
The results of this placebo test are reported in Table 3.10. The first column shows the
preferred estimates for the true MDA from the generalized DID models in Tables 3.2 through 3.5,
which can be used for comparison. As anticipated, the majority of the results show that the effects of
placebo MDA become smaller in absolute value as the lead MDA gets farther from the true MDA.36
Thus, this placebo test supports the validity of my DID design.
3.8 Discussion and Conclusions
This study examines a potential unintended outcome of increasing MDA regulations. Using
data from the national YRBSS, I am able to empirically estimate the substance use behaviors of
high school students as a consequence of an increase in state-level MDA laws. I exploit the spatial
and temporal variation in these laws by using a generalized DID framework. This study furthers the
literature by employing both PSM and weighting approaches to allow for selection on observables.
The findings from these strategies suggest that standard DID results are biased. Despite this, there
remains some evidence that a MDA above age 16 significantly lowers the number of days high
school students drink alcohol. Although insignificant, a MDA above age 16 reduces the prevalence
34 The results for this propensity balance check and Rosenbaum bounds test are available upon request.
35 For observations that would be assigned a placebo MDA for a year after 2015 (the last year in my dataset), I
assign them the last MDA available from 2015. I have not constructed any placebo lags because I have been unable
to locate state-level MDA laws prior to 1993.
36 These trends are not as clear for binge drinking and smoking. However, because the results from my baseline
regressions for these two substance use behaviors are small and insignificant, these results are not overly concerning.
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of drinking, binge drinking, smoking, and marijuana use of high school students.
It is important to mention that this study has its fair share of limitations. The main
drawback of the dataset used in this study is the inability to identify the mechanism through which
the MDA impacts the substance use behaviors of high school students. In the future, it may prove
worthwhile to explore different datasets that may be able to assess the mechanisms leading to this
outcome. Furthermore, due to the cross-sectional nature of the YRBSS dataset, I am unable to follow
the health behaviors of students past high school. A longitudinal dataset would allow exploration
of the effects of the MDA on longer-term outcomes. It may also be beneficial to explore using other
empirical strategies to provide support for my main results. Lastly, although the propensity score
methods allow for selection on observables, they do not necessarily fully eliminate the potential for
endogeneity. However, by revealing important differences between the DID and PSM and weighting
methods, this study indicates the presence of selection effects.
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Figure 3.1: State-Level MDAs in 1993
Notes: These data are obtained from the National Center for Education Statistics’ Digest of Education Statistics (DES), The Education
Commission of the States (ECS), and Oreopoulos (2009).
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Figure 3.2: State-Level MDAs in 2015
Notes: These data are obtained from the National Center for Education Statistics’ Digest of Education Statistics (DES), The Education
Commission of the States (ECS), and Oreopoulos (2009).
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Figure 3.3: Trends in High School Students’ Substance Use Behaviors from 1993 to 2015
Notes: These data are obtained from the Youth Risk Behavior Surveillance System (YRBSS) Survey.
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Table 3.1: Summary Statistics
All States States with MDA=16 States with MDA>16 T-Stat
Mean S.D. Mean S.D. Mean S.D.
Substance Use Behaviors
Used marijuana in last 30 days (1 if yes, 0 if no) 0.197 0.398 0.196 0.397 0.198 0.398 -0.16
Number of times using marijuana in last 30 days 2.943 8.911 2.916 8.863 2.984 8.984 -0.46
Drank in last 30 days (1 if yes, 0 if no) 0.378 0.485 0.372 0.483 0.388 0.487 -0.87
Number of times drinking in last 30 days 1.962 4.404 1.912 4.345 2.039 4.490 -1.09
Binge drank in last 30 days (1 if yes, 0 if no) 0.273 0.446 0.269 0.443 0.280 0.449 -0.97
Number of times binge drinking in last 30 days 1.358 3.606 1.331 3.597 1.399 3.619 -0.45
Smoked in last 30 days (1 if yes, 0 if no) 0.227 0.419 0.218 0.413 0.241 0.428 -1.85
Number of days smoking in last 30 days 3.221 8.178 2.996 7.881 3.564 8.599 -2.38*
Individual Controls
Male 0.500 0.500 0.496 0.500 0.503 0.500 -0.90
Age 16.057 1.224 16.059 1.223 16.056 1.225 0.13
9th grade 0.275 0.447 0.282 0.450 0.271 0.445 1.32
10th grade 0.255 0.436 0.251 0.434 0.258 0.437 -0.87
11th grade 0.239 0.427 0.238 0.426 0.240 0.427 -0.22
12th grade 0.231 0.421 0.229 0.420 0.232 0.422 -0.30
White 0.568 0.495 0.595 0.491 0.550 0.497 1.23
Black 0.161 0.368 0.186 0.389 0.145 0.353 1.51
Other race 0.271 0.444 0.219 0.414 0.304 0.460 -2.98*
State Controls
Unemployment rate (%) 6.259 2.065 5.941 1.879 6.467 2.153 -2.32*
Median income ($) 55,551.920 7,429.896 54,278.350 7,605.388 56,386.690 7,191.293 -2.45*
Public school per pupil expenditures ($) 11,266.860 2,797.243 12,125.030 3,753.302 10,704.380 1,709.005 4.12*
Pupil-teacher ratio 16.537 3.139 15.448 2.215 17.250 3.436 -5.89*
Medical marijuana legalization (1 if legal, 0 if not) 0.243 0.429 0.059 0.236 0.363 0.481 -8.26*
High school exit exam 1.063 0.936 1.297 0.895 0.909 0.931 3.79*
High school math and science graduation requirements 5.228 1.280 5.562 1.216 5.010 1.273 3.96*
Observations 122,383 44,047 78,336
Notes: All observations are weighted using the YRBSS sample weights. The “T-Stat” column shows the results of the test of differences in
means between the sample of students in states that keep their MDA at age 16 and those that raise their MDA above age 16.
* Statistically different at the 5% level.
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Table 3.2: DID: The Impact of a MDA Above Age 16 on Marijuana Use
Dependent Variables (1) (2) (3) (4)
Used marijuana in last 30 days (1 if yes, 0 if no)
Total Sample
-0.026**
(0.012)
-0.027**
(0.012)
-0.022**
(0.011)
-0.009
(0.022)
By Gender Only Males
-0.039**
(0.017)
-0.041**
(0.017)
-0.036**
(0.018)
-0.020
(0.032)
Only Females
-0.016
(0.019)
-0.016
(0.019)
-0.012
(0.016)
-0.001
(0.024)
By Race Only Whites
-0.023**
(0.010)
-0.024**
(0.010)
-0.020
(0.012)
-0.003
(0.022)
Only Non-Whites
-0.000
(0.024)
-0.001
(0.025)
-0.002
(0.020)
-0.003
(0.028)
Number of times using marijuana in last 30 days
Total Sample
-0.158
(0.183)
-0.106
(0.149)
-0.095
(0.163)
-0.109
(0.322)
By Gender Only Males
-0.023
(0.274)
-0.103
(0.257)
-0.115
(0.275)
-0.160
(0.484)
Only Females
-0.281
(0.250)
-0.257
(0.236)
-0.229
(0.219)
-0.279
(0.321)
By Race Only Whites
-0.004
(0.214)
-0.033
(0.194)
-0.087
(0.219)
-0.128
(0.316)
Only Non-Whites
-0.872***
(0.283)
-0.849***
(0.268)
-0.820***
(0.276)
-0.810
(0.520)
State FE YES YES YES YES
Year FE YES YES YES YES
Individual Controls NO YES YES YES
State Controls NO NO YES YES
State-Specific Linear Time Trends NO NO NO YES
Notes: Each cell represents the results from a separate regression. Individual controls include dummies for gender, race, age, and grade level
in school. State controls include the unemployment rate, median household income, public school per-pupil expenditures, average pupil-teacher
ratio, state high school math and science course graduation requirements, and dummies for medical marijuana legalization status and a state
high school exit exam. All regressions are weighted using the YRBSS sample weights. Standard errors (clustered at the state level) are reported
in parentheses.
*** p < 0.01, ** p < 0.05, * p < 0.1
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Table 3.3: DID: The Impact of a MDA Above Age 16 on Drinking
Dependent Variables (1) (2) (3) (4)
Drank in last 30 days (1 if yes, 0 if no)
Total Sample
-0.067**
(0.025)
-0.057**
(0.025)
-0.034*
(0.019)
-0.034
(0.036)
By Gender Only Males
-0.091***
(0.022)
-0.081***
(0.022)
-0.065***
(0.021)
-0.070
(0.044)
Only Females
-0.044
(0.034)
-0.033
(0.032)
-0.004
(0.029)
-0.006
(0.033)
By Race Only Whites
-0.033
(0.027)
-0.032
(0.027)
-0.020
(0.026)
-0.042
(0.040)
Only Non-Whites
-0.067
(0.045)
-0.070
(0.046)
-0.036
(0.037)
-0.049
(0.042)
Number of days drinking in last 30 days
Total Sample
-0.412***
(0.139)
-0.356***
(0.129)
-0.257**
(0.112)
-0.292
(0.189)
By Gender Only Males
-0.416**
(0.168)
-0.365**
(0.169)
-0.259
(0.168)
-0.362
(0.339)
Only Females
-0.418**
(0.177)
-0.353**
(0.158)
-0.261*
(0.135)
-0.223
(0.141)
By Race Only Whites
-0.196
(0.145)
-0.209
(0.152)
-0.160
(0.155)
-0.286
(0.177)
Only Non-Whites
-0.378
(0.321)
-0.394
(0.314)
-0.249
(0.251)
-0.453
(0.332)
State FE YES YES YES YES
Year FE YES YES YES YES
Individual Controls NO YES YES YES
State Controls NO NO YES YES
State-Specific Linear Time Trends NO NO NO YES
Notes: Each cell represents the results from a separate regression. Individual controls include dummies for gender, race, age, and grade level
in school. State controls include the unemployment rate, median household income, public school per-pupil expenditures, average pupil-teacher
ratio, state high school math and science course graduation requirements, and dummies for medical marijuana legalization status and a state
high school exit exam. All regressions are weighted using the YRBSS sample weights. Standard errors (clustered at the state level) are reported
in parentheses.
*** p < 0.01, ** p < 0.05, * p < 0.1
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Table 3.4: DID: The Impact of a MDA Above Age 16 on Binge Drinking
Dependent Variables (1) (2) (3) (4)
Binge drank in last 30 days (1 if yes, 0 if no)
Total Sample
-0.002
(0.012)
-0.003
(0.014)
-0.001
(0.014)
-0.005
(0.021)
By Gender Only Males
-0.012
(0.016)
-0.006
(0.017)
-0.012
(0.016)
-0.014
(0.027)
Only Females
-0.005
(0.014)
-0.010
(0.017)
-0.009
(0.017)
-0.027
(0.026)
By Race Only Whites
-0.017
(0.012)
-0.017
(0.012)
-0.016
(0.012)
-0.025
(0.022)
Only Non-Whites
-0.020
(0.034)
-0.018
(0.033)
-0.003
(0.032)
-0.017
(0.033)
Number of times binge drinking in last 30 days
Total Sample
-0.346*
(0.176)
-0.329*
(0.172)
-0.195
(0.162)
-0.314
(0.284)
By Gender Only Males
-0.368**
(0.164)
-0.367**
(0.155)
-0.231
(0.149)
-0.325
(0.252)
Only Females
-0.300
(0.226)
-0.273
(0.222)
-0.145
(0.205)
-0.170
(0.368)
By Race Only Whites
-0.045
(0.123)
-0.035
(0.114)
-0.033
(0.119)
-0.232
(0.140)
Only Non-Whites
-0.519
(0.434)
-0.506
(0.439)
-0.288
(0.420)
-0.349
(0.525)
State FE YES YES YES YES
Year FE YES YES YES YES
Individual Controls NO YES YES YES
State Controls NO NO YES YES
State-Specific Linear Time Trends NO NO NO YES
Notes: Each cell represents the results from a separate regression. Individual controls include dummies for gender, race, age, and grade level
in school. State controls include the unemployment rate, median household income, public school per-pupil expenditures, average pupil-teacher
ratio, state high school math and science course graduation requirements, and dummies for medical marijuana legalization status and a state
high school exit exam. All regressions are weighted using the YRBSS sample weights. Standard errors (clustered at the state level) are reported
in parentheses.
*** p < 0.01, ** p < 0.05, * p < 0.1
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Table 3.5: DID: The Impact of a MDA Above Age 16 on Smoking
Dependent Variables (1) (2) (3) (4)
Smoked in last 30 days (1 if yes, 0 if no)
Total Sample
-0.001
(0.022)
-0.005
(0.023)
-0.005
(0.022)
-0.014
(0.019)
By Gender Only Males
-0.005
(0.026)
-0.008
(0.026)
-0.006
(0.024)
-0.025
(0.026)
Only Females
-0.005
(0.022)
-0.002
(0.025)
-0.005
(0.024)
-0.004
(0.025)
By Race Only Whites
-0.016
(0.020)
-0.015
(0.020)
-0.017
(0.018)
-0.006
(0.017)
Only Non-Whites
-0.011
(0.037)
-0.013
(0.037)
-0.015
(0.039)
-0.061
(0.044)
Number of days smoking in last 30 days
Total Sample
-0.460
(0.325)
-0.337
(0.351)
-0.210
(0.348)
-0.072
(0.409)
By Gender Only Males
-0.479
(0.433)
-0.398
(0.436)
-0.277
(0.424)
-0.361
(0.509)
Only Females
-0.475
(0.319)
-0.310
(0.354)
-0.189
(0.370)
-0.170
(0.489)
By Race Only Whites
-0.165
(0.386)
-0.146
(0.387)
-0.265
(0.331)
-0.246
(0.416)
Only Non-Whites
-0.590
(0.444)
-0.625
(0.432)
-0.546
(0.477)
-1.036*
(0.522)
State FE YES YES YES YES
Year FE YES YES YES YES
Individual Controls NO YES YES YES
State Controls NO NO YES YES
State-Specific Linear Time Trends NO NO NO YES
Notes: Each cell represents the results from a separate regression. Individual controls include dummies for gender, race, age, and grade level
in school. State controls include the unemployment rate, median household income, public school per-pupil expenditures, average pupil-teacher
ratio, state high school math and science course graduation requirements, and dummies for medical marijuana legalization status and a state
high school exit exam. All regressions are weighted using the YRBSS sample weights. Standard errors (clustered at the state level) are reported
in parentheses.
*** p < 0.01, ** p < 0.05, * p < 0.1
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Table 3.6: Propensity Score: The Impact of a MDA Above Age 16 on Marijuana Use
DID
Nearest Neighbor
Matching
Propensity Score
Weighting
Dependent Variables (1) (2) (3)
Used marijuana in last 30 days (1 if yes, 0 if no)
Total Sample
-0.022**
(0.011)
-0.027
(0.019)
-0.030*
(0.0161)
By Gender Only Males
-0.036*
(0.018)
-0.058***
(0.022)
-0.046**
(0.021)
Only Females
-0.012
(0.016)
-0.020
(0.025)
-0.016
(0.017)
By Race Only Whites
-0.020
(0.012)
-0.087**
(0.041)
-0.022
(0.017)
Only Non-Whites
-0.002
(0.020)
-0.055
(0.047)
-0.006
(0.020)
Number of times using marijuana in last 30 days
Total Sample
-0.095
(0.163)
-0.160
(0.060)
-0.103
(0.197)
By Gender Only Males
-0.115
(0.275)
-0.103
(0.471)
-0.270
(0.524)
Only Females
-0.229
(0.219)
-0.231
(0.538)
-0.198
(0.277)
By Race Only Whites
-0.087
(0.219)
-0.123
(0.089)
-0.129
(0.388)
Only Non-Whites
-0.820***
(0.276)
-0.831**
(0.293)
-0.719*
(0.373)
Notes: Each cell represents a separate average treatment effect on the treated (ATT) estimate. For the DID and propensity score weighting
results, the total number of observations is 122,383, with 62,723 females and 59,660 males, along with 52,113 whites and 70,270 non-whites. For
the nearest neighbor matching results, the total sample includes 97,275 students, while the male sample includes 46,658 students, the female
sample includes 48,649 students, the white sample includes 39,913 students, and the non-white sample includes 56,442 students. These numbers
represent the actual nearest neighbor matches. Bootstrapped standard errors are based on 100 replications and reported in parentheses.
*** p < 0.01, ** p < 0.05, * p < 0.1
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Table 3.7: Propensity Score: The Impact of a MDA Above Age 16 on Drinking
DID
Nearest Neighbor
Matching
Propensity Score
Weighting
Dependent Variables (1) (2) (3)
Drank in last 30 days (1 if yes, 0 if no)
Total Sample
-0.034*
(0.019)
-0.030
(0.026)
-0.044*
(0.024)
By Gender Only Males
-0.065***
(0.021)
-0.050*
(0.033)
-0.078***
(0.026)
Only Females
-0.004
(0.029)
-0.010
(0.024)
-0.016
(0.026)
By Race Only Whites
-0.020
(0.026)
-0.019
(0.057)
-0.025
(0.024)
Only Non-Whites
-0.036
(0.037)
-0.069
(0.052)
-0.043
(0.036)
Number of days drinking in last 30 days
Total Sample
-0.257**
(0.112)
-0.499**
(0.210)
-0.371**
(0.165)
By Gender Only Males
-0.259
(0.168)
-0.246
(0.150)
-0.413*
(0.238)
Only Females
-0.261*
(0.135)
-0.251*
(0.139)
-0.328**
(0.157)
By Race Only Whites
-0.160
(0.155)
-0.241
(0.250)
-0.209
(0.173)
Only Non-Whites
-0.249
(0.251)
-0.383
(0.468)
-0.340
(0.296)
Notes: Each cell represents a separate average treatment effect on the treated (ATT) estimate. For the DID and propensity score weighting
results, the total number of observations is 122,383, with 62,723 females and 59,660 males, along with 52,113 whites and 70,270 non-whites. For
the nearest neighbor matching results, the total sample includes 97,275 students, while the male sample includes 46,658 students, the female
sample includes 48,649 students, the white sample includes 39,913 students, and the non-white sample includes 56,442 students. These numbers
represent the actual nearest neighbor matches. Bootstrapped standard errors are based on 100 replications and reported in parentheses.
*** p < 0.01, ** p < 0.05, * p < 0.1
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Table 3.8: Propensity Score: The Impact of a MDA Above Age 16 on Binge Drinking
DID
Nearest Neighbor
Matching
Propensity Score
Weighting
Dependent Variables (1) (2) (3)
Binge drank in last 30 days (1 if yes, 0 if no)
Total Sample
-0.001
(0.014)
-0.001
(0.021)
-0.005
(0.016)
By Gender Only Males
-0.012
(0.016)
-0.017
(0.024)
-0.022
(0.020)
Only Females
-0.009
(0.017)
-0.022
(0.029)
-0.006
(0.016)
By Race Only Whites
-0.016
(0.012)
-0.065
(0.048)
-0.020
(0.016)
Only Non-Whites
-0.003
(0.032)
-0.048
(0.048)
-0.004
(0.026)
Number of days binge drinking in last 30 days
Total Sample
-0.195
(0.162)
-0.239
(0.177)
-0.183
(0.175)
By Gender Only Males
-0.231
(0.149)
-0.256
(0.216)
-0.191
(0.204)
Only Females
-0.145
(0.205)
-0.137
(0.222)
-0.157
(0.182)
By Race Only Whites
-0.033
(0.119)
-0.051
(0.103)
-0.045
(0.119)
Only Non-Whites
-0.288
(0.420)
-0.305
(0.330)
-0.291
(0.331)
Notes: Each cell represents a separate average treatment effect on the treated (ATT) estimate. For the DID and propensity score weighting
results, the total number of observations is 122,383, with 62,723 females and 59,660 males, along with 52,113 whites and 70,270 non-whites. For
the nearest neighbor matching results, the total sample includes 97,275 students, while the male sample includes 46,658 students, the female
sample includes 48,649 students, the white sample includes 39,913 students, and the non-white sample includes 56,442 students. These numbers
represent the actual nearest neighbor matches. Bootstrapped standard errors are based on 100 replications and reported in parentheses.
*** p < 0.01, ** p < 0.05, * p < 0.1
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Table 3.9: Propensity Score: The Impact of a MDA Above Age 16 on Smoking
DID
Nearest Neighbor
Matching
Propensity Score
Weighting
Dependent Variables (1) (2) (3)
Smoked in last 30 days (1 if yes, 0 if no)
Total Sample
-0.005
(0.022)
-0.007
(0.020)
-0.001
(0.015)
By Gender Only Males
-0.006
(0.024)
-0.007
(0.023)
-0.005
(0.020)
Only Females
-0.005
(0.024)
-0.006
(0.028)
-0.000
(0.018)
By Race Only Whites
-0.017
(0.018)
-0.023
(0.016)
-0.012
(0.016)
Only Non-Whites
-0.015
(0.039)
-0.031
(0.045)
-0.017
(0.026)
Number of days smoking in last 30 days
Total Sample
-0.210
(0.348)
-0.346
(0.377)
-0.480
(0.407)
By Gender Only Males
-0.277
(0.424)
-0.308
(0.444)
-0.480
(0.407)
Only Females
-0.189
(0.370)
-0.261
(0.371)
-0.311
(0.315)
By Race Only Whites
-0.265
(0.331)
-0.206
(0.348)
-0.186
(0.339)
Only Non-Whites
-0.546
(0.477)
-0.741
(0.492)
-0.657*
(0.399)
Notes: Each cell represents a separate average treatment effect on the treated (ATT) estimate. For the DID and propensity score weighting
results, the total number of observations is 122,383, with 62,723 females and 59,660 males, along with 52,113 whites and 70,270 non-whites. For
the nearest neighbor matching results, the total sample includes 97,275 students, while the male sample includes 46,658 students, the female
sample includes 48,649 students, the white sample includes 39,913 students, and the non-white sample includes 56,442 students. These numbers
represent the actual nearest neighbor matches. Bootstrapped standard errors are based on 100 replications and reported in parentheses.
*** p < 0.01, ** p < 0.05, * p < 0.1
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Table 3.10: The Effects of Placebo MDA on Substance Use Behaviors
True MDA Lead MDA
Dependent Variables (1) (2) (3)
Marijuana Use
Used marijuana in last 30 days (1 if yes, 0 if no)
-0.022**
(0.011)
-0.021**
(0.010)
-0.017*
(0.010)
-0.016
(0.012)
Number of times using marijuana in last 30 days
-0.095
(0.163)
-0.059
(0.193)
-0.025
(0.215)
-0.012
(0.192)
Drinking
Drank in last 30 days (1 if yes, 0 if no)
-0.034*
(0.019)
-0.020
(0.013)
-0.019
(0.016)
-0.015
(0.016)
Number of days drinking in last 30 days
-0.257**
(0.112)
-0.155*
(0.086)
-0.148
(0.094)
-0.122
(0.079)
Binge Drinking
Binge drank in last 30 days (1 if yes, 0 if no)
-0.001
(0.014)
-0.004
(0.008)
-0.004
(0.009)
-0.001
(0.008)
Number of times binge drinking in last 30 days
-0.195
(0.162)
-0.103
(0.107)
-0.087
(0.113)
-0.060
(0.142)
Smoking
Smoked in last 30 days (1 if yes, 0 if no)
-0.005
(0.022)
-0.003
(0.011)
-0.004
(0.010)
-0.002
(0.011)
Number of days smoking in last 30 days
-0.210
(0.348)
-0.176
(0.169)
-0.181
(0.154)
-0.178
(0.180)
Notes: Each cell represents the results from a separate regression. Individual controls include dummies for gender, race, age, and grade level
in school. State controls include the unemployment rate, median household income, public school per-pupil expenditures, average pupil-teacher
ratio, state high school math and science course graduation requirements, and dummies for medical marijuana legalization status and a state
high school exit exam. All regressions are weighted using the YRBSS sample weights. Standard errors (clustered at the state level) are reported
in parentheses.
*** p < 0.01, ** p < 0.05, * p < 0.1
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Table 3.11: State-Level MDAs from 1993 to 2015
1993 1994 1995 1996 1997 1998 1999 2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015
Alabama 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 17 17 17 17 17 17 17
Alaska 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16
Arizona 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16
Arkansas 17 17 17 17 17 17 17 17 17 17 17 17 17 17 17 17 17 17 17 17 17 17 18
California 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18
Colorado 16 16 16 16 16 16 16 16 16 16 16 16 16 16 17 17 17 17 17 17 17 17 17
Connecticut 16 16 16 16 16 16 16 16 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18
Delaware 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16
D.C. 17 17 17 17 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18
Florida 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16
Georgia 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16
Hawaii 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18
Idaho 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16
Illinois 16 16 16 16 16 16 16 16 16 16 16 16 17 17 17 17 17 17 17 17 17 17 17
Indiana 16 16 16 16 16 16 16 16 16 16 16 16 18 18 18 18 18 18 18 18 18 18 18
Iowa 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16
Kansas 16 16 16 16 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18
Kentucky 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 18
Louisiana 17 17 17 17 17 17 17 17 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18
Maine 17 17 17 17 17 17 17 17 17 17 17 17 17 17 17 17 17 17 17 17 17 17 17
Maryland 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 17
Massachusetts 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16
Michigan 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 18 18 18 18 18 18
Minnesota 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 17 17
Mississippi 17 17 17 17 17 17 17 17 17 17 17 17 17 17 17 17 17 17 17 17 17 17 17
Missouri 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 17 17 17 17 17 17 17
Montana 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16
Nebraska 16 16 16 16 16 16 16 16 16 16 16 16 18 18 18 18 18 18 18 18 18 18 18
Nevada 17 17 17 17 17 17 17 17 17 17 17 17 17 17 18 18 18 18 18 18 18 18 18
New Hampshire 16 16 16 16 16 16 16 16 16 16 16 16 16 16 18 18 18 18 18 18 18 18 18
New Jersey 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16
New Mexico 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18
New York 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16
North Carolina 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16
North Dakota 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 17 17 17 17 17
Ohio 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18
Oklahoma 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18
Oregon 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18
Pennsylvania 17 17 17 17 17 17 17 17 17 17 17 17 17 17 17 17 17 17 17 17 17 17 17
Rhode Island 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 18 18 18 18 18
South Carolina 17 17 17 17 17 17 17 17 17 17 17 17 17 17 17 17 17 17 17 17 17 17 17
South Dakota 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 18 18 18 18 18 18 18
Tennessee 17 17 17 17 17 17 17 17 17 17 17 17 17 17 17 17 17 17 17 17 17 17 18
Texas 17 17 17 17 17 17 17 17 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18
Utah 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18
Vermont 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16
Virginia 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18
Washington 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18
West Virginia 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 17 17 17 17 17 17
Wisconsin 18 181 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18 18
Wyoming 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16 16
Notes: These data are from the National Center for Education Statistics’ Digest of Education Statistics (DES), The Education Commission of the States (ECS), and Oreopoulos (2009).
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Appendix A Twins in the NLSY
Table A.1 shows the number of mothers with various family sizes and the incidence and
birth order of twins in my sample. There are 25 mothers who have twins as the first and second
children born in the family, while there are 27 mothers who have twins as the second and third
children born in the family. Altogether, the table indicates that there are 79 mothers with twins
in the dataset. The small sample size of twins at the first and second birth parities is a concern of
my empirical strategy, as highlighted in Section ??. In order to alleviate some potential worries, I
investigate further into the final sample of mothers to show that there are no significant observable
differences between mothers with and without twins.
Table A.2 shows several characteristics for mothers in the final sample split by those with
and without twins. The top panel shows that there is a substantial difference in age at first birth
and AFQT for mothers with twins and those without twins. The bottom panel reveals that mothers
with twins have a substantially higher probability of alcohol consumption than mothers without
twins.
Table A.1: Distribution of Family Size and Twin Births
Family Size Birth Order of Twins Within Family
Number of Mothers Number of Mothers
1 600 25
2 1,272 27
3 773 13
4 300 9
5 106 5
6 40 5
7 13
8 7
9 4
10 2
11 2
Total 3,119 79
Notes: These data are from the sample of mothers with one or more births used in Table 1.1.
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Table A.2: Mother’s Characteristics by Twin and Non-Twin Households
Mothers Without Twins Mothers With Twins Difference
Mean S.D. Mean S.D. P-Value
Individual Characteristics
Black 0.142 0.349 0.150 0.360 0.796
Hispanic 0.066 0.247 0.072 0.261 0.779
Other race 0.792 0.406 0.777 0.419 0.711
Age 41.099 2.315 41.111 2.254 0.969
Age at first birth 24.073 5.801 26.132 7.009 0.015
AFQT 4.762 2.817 5.444 3.035 0.069
Substance Use
Drank alcohol in the past month 0.506 0.500 0.697 0.462 0.001
Number of days drank
alcohol in the past month
3.233 5.842 3.518 4.992 0.647
Binge drank in the past month 0.085 0.280 0.113 0.318 0.497
Number of times binge
drank in the past month
0.193 0.785 0.148 0.539 0.390
Used marijuana in the past month 0.037 0.189 0.045 0.209 0.771
Number of times used
marijuana in the past month
0.103 0.604 0.088 0.461 0.833
Observations 3,040 79
Notes: These data are from the sample of mothers with one or more births used in Table 1.1. Round 20 cross-sectional weights are used. The
last column reports p-values of an unpaired t-test for difference in means between mothers with and without twins.
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Appendix B Reduced Form Estimates
The reduced form equation uses twin birth status as a family level covariate, as opposed to
a typical family size measure. The reduced form equation is
(2)HealthOutcomei = θ0 + θ1Twini + θ2Xi + i,
where Twini is a binary indicator equal to one if mother i has twins at the first or second birth, and
zero otherwise. This model estimates the total effects of having twin children at the first or second
birth on a mother’s depression and substance use, comparing mothers that only differ in twin birth
status. For instance, I compare mothers with two children to those with three children, where the
latter mothers have twins. The results of this regression for the mental health outcomes are given
in the first two columns of Table B.1, while the estimates for substance use are in Table B.2. The
coefficients in Columns (1) and (2) of Table B.1 indicate that mothers with twins at the first or
second parity experience more symptoms of depression and are more likely to be depressed. The
estimates in Table B.2 do not suggest any clear relationship between mothers with twins at the first
or second birth parity and substance use.
The mental health results of a similar regression using the same-sex composition of the
first two children as a family-level covariate are shown in Columns (3) and (4) of Table B.1. This
specification presents differences in mental health between mothers with two boys or two girls at
the first and second births, and those with two children of mixed sex. The estimates reveal that
mothers who first have two same-sex children experience reduced depressive symptoms. Table B.3
reports the reduced form findings for the substance use behavors. There does not appear to be a
consistent relationship between mothers with children of the same sex at the first two births and
substance use behaviors.
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Table B.1: Reduced Form: Relationship Between Twins at the First or Second Birth and Same
Sex at the First and Second Birth and Mother’s Mental Health
Outcome Variables: Mother Mental Health Measures
(1)
Log CES-D
Depression Score
(2)
Depressed
(3)
Log CES-D
Depression Score
(4)
Depressed
Twins at first or second birth
0.326***
(0.109)
0.042
(0.051)
Same sex at first and second births
-0.061
(0.039)
-0.023
(0.016)
Hispanic
-0.130
(0.055)
-0.047**
(0.023)
-0.129**
(0.054)
-0.047**
(0.023)
Black
-0.028
(0.050)
-0.026
(0.022)
-0.024
(0.050)
-0.026
(0.022)
Age
-0.637
(0.685)
-0.264
(0.321)
-0.742
(0.691)
-0.283
(0.322)
Age squared
0.008
(0.008)
0.003
(0.004)
0.009
(0.008)
0.003
(0.004)
Age at first birth
-0.022***
(0.004)
-0.008***
(0.002)
-0.021***
(0.004)
-0.008***
(0.002)
AFQT
-0.035***
(0.009)
-0.018***
(0.004)
-0.035***
(0.009)
-0.018***
(0.004)
R-Squared 0.041 0.043 0.040 0.044
Mean 1.153 0.161 1.153 0.161
Observations 2,776
Notes: Sample is mothers with two or more births. Controls include race, age, age squared, age at first birth, and AFQT.*** p < 0.01, **
p < 0.05, * p < 0.1
Table B.2: Reduced Form: Relationship Between Twins at the First or Second Birth and
Mother’s Substance Use
Outcome Variables: Mother Substance Use Measures in Past Month
(1)
Drank Alcohol
(2)
Number of Days
Drank Alcohol
(3)
Binge Drank
(4)
Number of Times
Binge Drank
(5)
Used Marijuana
(6)
Number of Times
Used Marijuana
Twins at first or second birth
0.151**
(0.066)
-0.349
(0.670)
-0.004
(0.040)
-0.069
(0.049)
0.005
(0.030)
0.036
(0.091)
Hispanic
0.014
(0.030)
-0.498*
(0.268)
-0.009
(0.018)
-0.045
(0.045)
-0.013
(0.012)
-0.038
(0.034)
Black
-0.048*
(0.028)
0.151
(0.294)
-0.020
(0.016)
-0.033
(0.045)
-0.006
(0.013)
-0.036
(0.037)
Age
0.490**
(0.195)
3.926*
(2.091)
0.100
(0.099)
0.398
(0.273)
-0.056
(0.059)
-0.149
(0.190)
Age squared
-0.006**
(0.002)
-0.047*
(0.026)
-0.001
(0.001)
-0.005
(0.003)
0.001
(0.001)
0.002
(0.003)
Age at first birth
0.011***
(0.002)
0.123***
(0.029)
-0.000
(0.001)
-0.002
(0.003)
-0.002*
(0.001)
-0.007***
(0.002)
AFQT
0.021***
(0.005)
0.176***
(0.051)
-0.008***
(0.003)
-0.020***
(0.007)
-0.003
(0.002)
-0.006
(0.006)
R-Squared 0.054 0.035 0.007 0.008 0.007 0.008
Mean 0.506 3.103 0.079 0.174 0.035 0.090
Observations 2,519
Notes: Sample is mothers with one or more births. Controls include race, age, age squared, age at first birth, and AFQT.*** p < 0.01, **
p < 0.05, * p < 0.1
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Table B.3: Reduced Form: Relationship Between Same Sex at the First and Second Birth and
Mother’s Substance Use
Outcome Variables: Mother Substance Use Measures in Past Month
(1)
Drank Alcohol
(2)
Number of Days
Drank Alcohol
(3)
Binge Drank
(4)
Number of Times
Binge Drank
(5)
Used Marijuana
(6)
Number of Times
Used Marijuana
Same sex at first and second births
0.021
(0.023)
-0.149
(0.260)
-0.001
(0.012)
-0.021
(0.034)
0.002
(0.009)
0.015
(0.026)
Hispanic
0.013
(0.030)
-0.493*
(0.267)
-0.009
(0.018)
-0.045
(0.044)
-0.013
(0.012)
-0.038
(0.034)
Black
-0.046*
(0.028)
0.150
(0.294)
-0.020
(0.016)
-0.034
(0.045)
-0.006
(0.013)
-0.036
(0.037)
Age
0.493***
(0.195)
3.898*
(2.095)
0.100
(0.099)
0.394
(0.274)
-0.055
(0.058)
-0.146
(0.190)
Age squared
-0.006***
(0.002)
-0.046*
(0.026)
-0.001
(0.001)
-0.005
(0.003)
0.001
(0.001)
0.002
(0.003)
Age at first birth
0.012***
(0.002)
0.122***
(0.028)
-0.000
(0.001)
-0.002
(0.003)
-0.002*
(0.001)
-0.007***
(0.002)
AFQT
0.021***
(0.005)
0.175***
(0.051)
-0.008***
(0.003)
-0.020***
(0.007)
-0.003
(0.002)
-0.006
(0.006)
R-Squared 0.052 0.035 0.007 0.008 0.007 0.008
Mean 0.506 3.103 0.079 0.174 0.05 0.090
Observations 2,519
Notes: Sample is mothers with one or more births. Controls include race, age, age squared, age at first birth, and AFQT.*** p < 0.01, **
p < 0.05, * p < 0.1
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Appendix C Pooled IV Approach
This analysis presents estimates of how the number of children impacts a mother’s substance
use during adulthood. The estimating equations are modified forms of (??) and (??) with time
subscripts given by
(3)HealthOutcomeit = γ0 + γ1 ̂FamilySizeit + γ2Xit + ηit
(4)FamilySizeit = α0 + α1Zit + α2Xit + µit,
where FamilySizeit denotes the number of children born to mother i by time t. The other covariates
in the model are defined similarly to those in (??) and (??).
Across all substance use measures, the pooled IV results presented in Tables C.1 to C.6 are
different in magnitude from the cross-sectional IV and FE IV results shown in Tables 1.16 to 1.21.
These results suggest that there are time-invariant unobservables of mothers that influence their
drug use. The preferred estimate in Column (4) of Table C.1 is similar in size and significance to
the FE IV coefficient in Column (8) of Table 1.16. On the intensive margin of alcohol consumption
in Table C.2, the coefficient of interest dramatically increases in magnitude and significance.
A notable difference between the cross-sectional IV and pooled IV samples is the age of
mothers in each sample. The mothers in the cross-sectional IV sample are ages 37 to 45 at the time
of the survey, while mothers in the pooled IV sample range from 17 to 58 years. The age composition
of each sample may be a factor contributing to the differences between the cross-sectional IV and FE
IV results. In addition, the mean of all substance use measures for the pooled IV sample is higher
than the means in the respective cross-sectional IV and FE IV samples.
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Table C.1: Pooled IV: Effects of Family Size on Mother’s Probability of Drinking
Outcome Variable: Drank Alcohol in the Past Month
1+ Births Sample 2+ Births Sample
(1)
First Twin Instrument
(2)
Second Twin Instrument
(3)
Same Sex Instrument
(4)
Combined Instruments
Second Stage
Family Size
0.083
(0.112)
0.203***
(0.078)
0.050***
(0.016)
0.042***
(0.016)
First Stage
IV: Twins at First Birth
0.756***
(0.283)
IV: Twins at Second Birth
0.851***
(0.119)
0.906***
(0.108)
IV: Same Sex at First
and Second Births
0.615***
(0.032)
0.619***
(0.032)
Mean 0.592 0.587 0.587 0.587
F-Statistic 188.069 199.375 359.309 213.287
Sargan-Hansen Statistic 0.935
Number of Mothers 4,930 3,756
Observations 51,475 40,301
Notes: “1+ births sample” (column (1)) includes mothers with one or more births, and “2+ births sample” (columns (2)-(4)) includes
mothers with two or more births. Controls include race, age, age squared, age at first birth, and AFQT. Robust standard errors are clustered at
the mother level.
*** p < 0.01, ** p < 0.05, * p < 0.1
Table C.2: Pooled IV: Effects of Family Size on Mother’s Drinking Intensity
Outcome Variable: Number of Days Drank Alcohol in the Past Month
1+ Births Sample 2+ Births Sample
(1)
First Twin Instrument
(2)
Second Twin Instrument
(3)
Same Sex Instrument
(4)
Combined Instruments
Second Stage
Family Size
-1.607
(1.877)
-0.510
(0.586)
-0.437**
(0.192)
-0.442**
(0.183)
First Stage
IV: Twins at First Birth
0.790***
(0.286)
IV: Twins at Second Birth
0.843***
(0.119)
0.917***
(0.127)
IV: Same Sex at First
and Second Births
0.585***
(0.033)
0.574***
(0.035)
Mean 3.650 3.537 3.537 3.537
F-Statistic 174.747 179.066 318.162 160.851
Sargan-Hansen Statistic 0.844
Number of Mothers 4,923 3,754
Observations 47,152 37,072
Notes: “1+ births sample” (column (1)) includes mothers with one or more births, and “2+ births sample” (columns (2)-(4)) includes
mothers with two or more births. Controls include race, age, age squared, age at first birth, and AFQT. Robust standard errors are clustered at
the mother level.
*** p < 0.01, ** p < 0.05, * p < 0.1
121
Table C.3: Pooled IV: Effects of Family Size on Mother’s Probability of Binge Drinking
Outcome Variable: Binge Drank in the Past Month
1+ Births Sample 2+ Births Sample
(1)
First Twin Instrument
(2)
Second Twin Instrument
(3)
Same Sex Instrument
(4)
Combined Instruments
Second Stage
Family Size
0.062
(0.038)
0.065**
(0.031)
0.007
(0.013)
0.008
(0.012)
First Stage
IV: Twins at First Birth
0.767**
(0.304)
IV: Twins at Second Birth
0.808***
(0.096)
0.886***
(0.108)
IV: Same Sex at First
and Second Births
0.607***
(0.033)
0.610***
(0.033)
Mean 0.166 0.156 0.156 0.156
F-Statistic 152.582 151.312 340.700 201.881
Sargan-Hansen Statistic 0.748
Number of Mothers 4,928 3,754
Observations 44,600 34,838
Notes: “1+ births sample” (column (1)) includes mothers with one or more births, and “2+ births sample” (columns (2)-(4)) includes
mothers with two or more births. Controls include race, age, age squared, age at first birth, and AFQT. Robust standard errors are clustered at
the mother level.
*** p < 0.01, ** p < 0.05, * p < 0.1
Table C.4: Pooled IV: Effects of Family Size on Mother’s Binge Drinking Intensity
Outcome Variable: Number of Times Binge Drank in the Past Month
1+ Births Sample 2+ Births Sample
(1)
First Twin Instrument
(2)
Second Twin Instrument
(3)
Same Sex Instrument
(4)
Combined Instruments
Second Stage
Family Size
0.122*
(0.065)
0.108
(0.096)
0.014
(0.022)
0.014
(0.021)
First Stage
IV: Twins at First Birth
0.767**
(0.304)
IV: Twins at Second Birth
0.808***
(0.096)
0.886***
(0.108)
IV: Same Sex at First
and Second Births
0.607***
(0.033)
0.610***
(0.033)
Mean 0.341 0.315 0.315 0.315
F-Statistic 152.582 151.312 340.700 201.881
Sargan-Hansen Statistic 0.687
Number of Mothers 4,928 3,754
Observations 44,600 34,838
Notes: “1+ births sample” (column (1)) includes mothers with one or more births, and “2+ births sample” (columns (2)-(4)) includes
mothers with two or more births. Controls include race, age, age squared, age at first birth, and AFQT. Robust standard errors are clustered at
the mother level.
*** p < 0.01, ** p < 0.05, * p < 0.1
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Table C.5: Pooled IV: Effects of Family Size on Mother’s Probability of Marijuana Use
Outcome Variable: Used Marijuana in the Past Month
1+ Births Sample 2+ Births Sample
(1)
First Twin Instrument
(2)
Second Twin Instrument
(3)
Same Sex Instrument
(4)
Combined Instruments
Second Stage
Family Size
0.012
(0.042)
0.055
(0.052)
0.008
(0.009)
0.008
(0.008)
First Stage
IV: Twins at First Birth
0.824***
(0.194)
IV: Twins at Second Birth
1.031***
(0.104)
1.093***
(0.121)
IV: Same Sex at First
and Second Births
0.750***
(0.034)
0.741***
(0.032)
Mean 0.076 0.070 0.070 0.070
F-Statistic 65.598 97.823 472.489 295.115
Sargan-Hansen Statistic 0.885
Number of Mothers 4,875 3,719
Observations 18,923 14,814
Notes: “1+ births sample” (column (1)) includes mothers with one or more births, and “2+ births sample” (columns (2)-(4)) includes
mothers with two or more births. Controls include race, age, age squared, age at first birth, and AFQT. Robust standard errors are clustered at
the mother level.
*** p < 0.01, ** p < 0.05, * p < 0.1
Table C.6: Pooled IV: Effects of Family Size on Mother’s Marijuana Use Intensity
Outcome Variable: Number of Times Used Marijuana in the Past Month
1+ Births Sample 2+ Births Sample
(1)
First Twin Instrument
(2)
Second Twin Instrument
(3)
Same Sex Instrument
(4)
Combined Instruments
Second Stage
Family Size
0.070
(0.142)
0.102
(0.130)
0.031
(0.030)
0.047*
(0.026)
First Stage
IV: Twins at First Birth
0.824***
(0.194)
IV: Twins at Second Birth
1.031***
(0.104)
1.093***
(0.121)
IV: Same Sex at First
and Second Births
0.750***
(0.034)
0.741***
(0.032)
Mean 0.211 0.194 0.194 0.194
F-Statistic 65.598 97.823 472.489 295.115
Sargan-Hansen Statistic 0.885
Number of Mothers 4,875 3,719
Observations 18,923 14,814
Notes: “1+ births sample” (column (1)) includes mothers with one or more births, and “2+ births sample” (columns (2)-(4)) includes
mothers with two or more births. Controls include race, age, age squared, age at first birth, and AFQT. Robust standard errors are clustered at
the mother level.
*** p < 0.01, ** p < 0.05, * p < 0.1
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Appendix D Data Sources for State-Level Variables in Pol-
icy Endogeneity Exercise
1. Dropout rate: The U.S. Department of Education’s National Center for Education
Statistics’ Digest of Education Statistics (DES) from 1993 to 2015. These are
public high school dropout rates.
2. Graduation rate: The U.S. Department of Education’s National Center for
Education Statistics’ Digest of Education Statistics (DES) from 1993 to 2015.
These are averaged freshman graduation rates (AFGR) for public
secondary school students.
3. Unemployment rate: The U.S. Department of Labor’s Bureau of Labor Statistics’
(BLS) Local Area Unemployment Statistics (LAUS). These are seasonally adjusted.
4. Median household income: The U.S. Census Bureau’s Historical Income Tables:
Households. These are reported in 2016 dollars.
5. Percentage of population that is male: The University of Missouri’s
Office of Social and Economic Data Analysis’ Missouri Census Data Center.
6. Percentage of population that is black: The University of Missouri’s
Office of Social and Economic Data Analysis’ Missouri Census Data Center.
7. Percentage of population that is 15 to 19 years old: The University of Missouri’s
Office of Social and Economic Data Analysis’ Missouri Census Data Center.
8. Property crime rate: The U.S. Department of Justice’s Federal Bureau of
Investigation (FBI) Uniform Crime Reporting (UCR) Program.
9. Violent crime rate: The U.S. Department of Justice’s Federal Bureau of
Investigation (FBI) Uniform Crime Reporting (UCR) Program.
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